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Abstract 
Bacteria are subject to a wide variety of complementary and competing forces which work to 
shape the populations observed in the natural world.  In the case of bacterial pathogens, 
epidemiological factors play a significant role in the evolution of a pathogenic species, and 
the relatively low diversities observed on a global scale in significant pathogens may be due 
to the phenomenon of a microepidemic population structure, operating in concert with 
homologous recombination and mutation. 
In this work I explicitly define the microepidemic population concept in population genetics 
terms, and examine its consequences for pathogen population structure and inference of 
population characteristics from data.  I make use of simulated metapopulations to model  
simplified populations composed of neutral microepidemics in order to examine the varying 
effects of homologous recombination and mutation in pathogens.  The analysis is then 
extended to include different kinds of selection, both at an individual level and at a 
metapopulation level, to investigate the consequences of these processes, and to contrast with 
the results from neutral populations.   
With the increasing number of resources containing large, globally sampled strain 
collections, I also examine the effects of metapopulation structure on population genetic 
methods of analysis which have been applied to bacterial datasets (including Gst, the Neutral 
Microepidemic Model, and IA). Using simulated populations I consider these methods in light 
of database limitations such as those arising from the longitudinally sampled nature of the 
collections, and those introduced by geographic over- and undersampling. 
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This is followed by an examination of the effectiveness of some of the methods using 
sequence data (phylogenetics, BAPS and ClonalFrame) which are commonly employed to 
ask questions relating to population structure.  The work concludes with the application of 
these methods to examine the population genetics of several bacteria of interest.       
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Summary of Methods Investigated 
Allelic Mismatch Distribution [1] 
 
What it is: Distribution showing the relatedness of isolates in a 
population.  It is produced by an all against all pairwise comparison of 
the population, with the distribution showing the proportion of those 
comparisons which were between individuals exactly identical at i of k 
loci. 
What is it used for: Summarising the levels of similarity in a 
population 
BAPS [2-4] What it is: Method to cluster a population and detect the presence of 
admixture between clusters.  Implements a number of methods 
including undirected clustering and spatial clustering, which uses spatial 
information to inform the prior used for clustering.   
What is it used for: Clustering samples from a population and 
detecting the presence of admixture between clusters 
Key assumptions:For partition based clustering (used in this work) loci 
are unlinked and can be represented by a fixed number of alleles, each 
cluster is a ‘random mating unit’, subpopulations are in Hardy-
Weinburg Equilibrium 
ClonalFrame [5] 
 
What it is: Method to identify and account for recombinant segments in 
a set of sequences.  This then enables the production of a ClonalFrame 
which can be used to infer the clonal history of the sequences examined, 
free from the effects of recombination. 
What is it used for: Clustering samples and inferring relationships free 
from the effects of recombination 
Key assumptions: A ClonalFrame exists for the data analysed and all 
recombination originates from donors outside the population being 
analysed 
16 
 
eBURST [6] 
 
What it is: Method to identify groups of closely related sequence types 
within a population, and provide a hypothesis of the relationships within 
those groups 
What is it used for: Inferring the relationships between isolates and 
classifying isolates based upon their relatedness 
Key assumption: Sequence types with the largest number of single 
locus variants are ‘ancestral’ 
Ewens-Watterson Test [7, 8] 
 
What it is: Statistical test to examine if the null hypothesis of neutrality 
can be rejected for a sample 
What is it used for: Testing for neutrality in a sample 
Key Assumptions:  Every mutation which occurs in the population 
creates a new allele, population is a single homogenously mixing group, 
population is at mutation-drift equilibrium 
Gst [9] What it is: Summary statistic representing the level of differentiation 
between patches in a population 
What is it used for: Describing the extent to which patches are 
different from one another 
Homozygosity What it is: Summary statistic representing the probability of picking 
two identical individuals at random from the population 
What is it used for: Describing the levels of similarity in a population 
IA [10] What it is: Summary statistic representing the level of linkage 
equilibrium in a sample 
What is it used for: Detecting the presence or absence of 
recombination in a population 
Neutral Microepidemic Model [1] What it is: Extension to the neutral model taking into account the 
effects of recombination and sampling bias 
What is it used for: Estimation of population genetic parameters for 
bacterial populations, fitting a neutral model to bacterial populations 
17 
 
where there is sampling bias 
Key Assumptions: Samples collected locally can be representative of 
global population diversity, these ‘local’ samples are similar in terms of 
their diversity wherever they are sampled, homologous recombination 
can have a large effect on population diversity 
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Chapter 1 Introduction 
It is an oft quoted statistic that if the kingdoms of life were to be collected together and 
placed onto improbably enormous scales, that the Bacterial kingdom would convincingly 
outweigh the other kingdoms combined [11, 12].  The message of this statistic is clear; 
bacteria are extraordinarily numerous. They occupy an enormous range of habitats, and 
possess a huge amount of genetic diversity as evidenced by rRNA analyses of cultured and 
unculturable species. A very small amount of this bacterial diversity has been studied in 
detail through the lens of genomic sequencing - as of September 2010 there are 1223 
bacterial genomes listed by the EBI [13].  These range from species with relatively large 
genomes such as Streptomyces coelicolor (genome size of ~8.7mb) [14]  to those with 
genomes that are miniscule by comparison – such as Carsonella ruddii (genome size ~160kb) 
[15].  
Recent advances in sequencing technology are providing (or will soon provide) an avalanche 
of genomic sequences. These data – particularly those of isolates from the same or very 
similar species - promise a new era in bacterial population biology; a revolution which has 
been described as “population genomics”. These developments highlight the need for tools to 
analyse and understand these data, and the populations and processes they represent. 
Understanding the evolution of bacterial species necessitates the development of models that 
can encapsulate the processes occurring within bacterial populations.  Models provide a 
framework to investigate how these processes interact to shape populations. In this chapter I 
outline some of the history of the modeling of populations, and chart the development of 
several key population genetics models.   I consider some of the models which have been 
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directly applied to bacteria, and some of the key questions arising from the results of studies 
using models in the past.  
1.1 Modeling Populations 
The significance of being able to model populations has been recognised by theorists for 
some time. Many of the most widely used models in population genetics today have their 
ultimate genesis in the minds and publications of Fisher [16] and Wright [17], finding their 
first expression over half a century ago.    The original Wright-Fisher model captures the 
effects of natural selection and genetic drift on a population of finite size.  It introduced 
important concepts such as non-overlapping generations and random mating in the population 
being considered.  Its simplicity and its effectiveness have resulted in its use as a basis for the 
development of more advanced models.  These more advanced models integrate further 
concepts such as the explicit modeling of mutation or the modeling of subdivision to capture 
characteristics which are present in real-world populations. Most of the early models focus 
entirely on diploid populations.  I consider these first, before examining cases of these models 
being applied to bacterial (haploid) populations. 
1.2 The Neutral Model 
The neutral theory is a development of the original Fisher-Wright model which explicitly 
links the effects of genetic drift to genetic change at the genetic level.  The theory was 
proposed originally by Kimura and Crow [18, 19] and takes into account some of the realities 
of genetics that were revealed by early molecular data coming to light in  the 1960’s.  In their 
paper of 1964 Kimura and Crow did not yet know the extent of the degeneracy of the genetic 
code, however, they noted that “It is known that a single nucleotide substitution can have the 
most drastic consequences, but there are also mutations with very minute effects and there is 
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the possibility that many are so small as to be undetectable”.  At the time, the authors did not 
examine the plausibility of mutations having a very small or nonexistent effect, although later 
work demonstrated that such a process could occur in populations. The nucleotide changes 
that have little consequence alluded to by Kimura and Crow represent changes which are 
selectively neutral as the change has no associated reduction (or gain) in fitness. This ‘neutral 
theory’ has a major advantage - unlike theories of selection – which do not make general, 
testable predictions - neutral theory produces a set of testable predictions and expectations.  
This feature has led neutrality to be used as a null model of choice by biologists examining 
gene frequencies within populations.  In fact, in many situations, neutral theory has actually 
been shown to be a good fit to data [20].  Other theories such as ‘nearly neutral theory’ and 
the ‘neutral microepidemic model’ seek to improve upon the blueprint for neutral theory, to 
provide a better fit to observed data, and to explain some of the inconsistencies that exist 
when comparing neutral predictions with some datasets. The classical neutral model itself 
was presented by Kimura and Crow in 1964 [18].  The model was presented as an ‘infinite 
alleles model’.  It is a Wright-Fisher model, in that the population is a fixed size, individuals 
evolve by mutation and generations are non-overlapping.  The key assumption made by the 
model is that each mutation gives rise to an allele that is not currently present in the 
population.  This is not an unreasonable assumption; for a locus composed of 1kb of 
sequence, there are 3,000 different alleles which could be produced by a single mutation 
event, and in most populations the majority of these will not exist already. The infinite alleles 
model therefore provides a basis for the exploration of populations under the effects of 
neutrality and the detection of departures from neutrality, the causes of which can be further 
explored.  However, the infinite alleles model as originally envisaged by Kimura and Crow is 
a single homogenously mixing population.  Populations are seldom organized in such a way, 
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and as such, following its original publication, the neutral model has been extended and 
improved to take into account the effect of other processes on the populations it models. 
1.3 Modelling Subdivision 
One of the major themes that had emerged following the development of the Wright-Fisher 
model was that of the effects of subdivision on populations. Some of the earliest, and most 
influential, work on modelling subdivided populations can be found in the series of works by 
Sewell Wright [17, 21, 22]. Within this work, Wright outlines his ‘island model’. Wright 
described this as a model “in which the total population is assumed to be divided into 
subgroups, each breeding at random within itself, except for a certain proportion of migrants 
drawn at random from the whole”.  Wright's original model was created for an implied large 
number of subpopulations – while more modern modifications include a population that is 
broken down into a finite number of subpopulations of a fixed size.  The key features of the 
island model include the fact that individuals are able to migrate between these populations, 
with a given probability. Each generation, individuals are resampled within their 
subpopulation to produce the next population of the next generation (i.e. generations are not 
overlapping).   
With the development of neutral theory, theorists had both a model for describing population 
subdivision and a model explicitly describing evolution as observed at a population genetic 
level. Within 6 years of the publication of the original observations that constituted neutral 
theory, population geneticists were taking the concept further and examining neutral 
dynamics in populations featuring subdivision, as envisaged by Wright. 
One of the most significant works on this subject was produced by Take Maruyama [23], that 
expands upon the work by Kimura [18, 24] and features a pair of models – one subdividing 
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the population to produce an island model as envisaged by Sewell Wright, with the second 
being a stepping stone model as envisaged by Kimura [24].  This model considers the effects 
of subdividing the population into a number of subpopulations – patches – of equal size, 
between which migration of individuals can occur with a given probability.  Maruyama's 
model predicts the homozygosity of the resultant population.  The homozygosity is a 
summary statistic that is used in several classical studies and is simply the probability that 
two individuals, randomly selected from the population, are identical (i.e. it is a measure of 
diversity). It was – and still is – widely used for describing populations. Maruyama's original 
island model does not include the capacity for self migration, where an individual can 
migrate and return to its originating patch in the same generation. This omission was outlined 
by Latter [25], who proposes a correction to the original model, which is used in later works 
by other authors. Maruyama found that subdividing populations increases diversity compared 
to a non-subdivided population, with the nature of the subdivision (the number of patches and 
the amount of migration) having a large impact on the genetic diversity of the overall 
population.    
At the same time Maynard Smith was investigating a similar problem, also deriving 
expressions for the homozygosity in subdivided diploid populations.  Maynard Smith 
concluded that if selectively neutral mutation rates are high enough to account for observed 
rates of evolution, then the total population size of that species must be small (now or in the 
near past) or hybrids of local populations would be heterozygous at almost all loci [26].  The 
work of Maynard Smith and Maruyama was significant in the fact that together they extended 
the island model to feature a finite number of subpopulations of finite size – and, in the case 
of the work by Maynard Smith, established the equilibrium expressions for this extended 
model. Latter [25] extended this work - providing equilibrium expressions that improved 
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upon those of Maynard Smith to work over a larger range of mutation and migration rates and 
population sizes.  Latter went on to build on this work in 1977 [27] and then again in 1981 
[28].  These two papers are focused on stochastic migration with a finite number of islands, 
which he compares to the deterministic solution he obtained in his first paper.  The end – and 
potentially significant – result was that he found that the difference between the results from 
the deterministic model and the model with stochastic migration could be large.  Specifically, 
Sved and Latter identify that the degree of the difference between the deterministic and 
stochastic model depends on the time that the census of a population is taken [27].  
The models examined by Maruyama, Maynard Smith and Latter consider populations that 
have a fixed number of subpopulations, which exist in perpetuity.  In many populations this is 
not a realistic model; subpopulations are prone to dying out, and new ‘patches’ will also 
become available that can subsequently be colonised by individuals from the rest of the 
population.  
 At the same time that population geneticists were considering subdivided populations, 
ecologists were also considering the effect of subdivision on populations. In addition to the 
introduction of the subdivided population models produced by Maruyama and Maynard-
Smith, 1970 also saw the introduction of a new term, ‘metapopulation’, coined Richard 
Levins – to describe a simple ecological model in which a larger population of a species (the 
‘metapopulation’) is subdivided into smaller subpopulations.  These subpopulations are 
patches that feature a characteristic absent from the population genetics models of that time - 
they undergo colonisation and extinction [29, 30]. The model envisages a population where 
there are a fixed number of patches, and some of these are occupied.  Empty patches are 
colonised with a given probability (which is dependent on the number of patches currently 
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colonised, and the number of patches that are vacant), and colonised patches ‘go extinct’ with 
another probability (Figure 1.1).  
 
Figure 1.1. Schematic showing some of the features of a simple Levins metapopulation.  Patches die out and new 
patches are colonized, creating a steady state population.  The number of patches colonized is dependent upon the 
number of patches occupied and available.  As patches die out, they are replaced by new empty patches, keeping the 
total patch count constant. 
 The simplicity of the model means that it is widely applicable, and readily extensible [31, 
32] and it is still used today [see [33] for several examples].  The model contains several 
assumptions, including that patches are all the same size, and all individuals in a patch die out 
at the same time.  The model also does not feature local dynamics or any sort of spatial 
structure; as any individual in the population could be picked to colonise an empty patch. In 
spite of these simplifications, the model remains a good fit for describing single species 
systems on a population level [34] over a variety of species and conditions [35].  
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The process of colonisation and extinction contained within metapopulation models has a 
conceptual similarity with epidemiological models [reviewed in [36]]. As a result, there are 
cases of metapopulation models being employed successfully to explore epidemiological 
questions.  One such example is the examination of the critical population size for measles, 
and the relative importance of towns and cities in measles epidemics [37].  Metapopulations 
have also been used to examine such disparate subjects as bubonic plague and the interaction 
between human, flea and Yersinia pestis populations [38, 39], tuberculosis in possums [40], 
and the within host metapopulation dynamics of HIV [41].   The HIV example is especially 
interesting in the context of this work, as it is an example that combines the metapopulation 
concept with population genetics approaches to examine the evolution of a species.   
The population genetics models developed by Maruyama and Maynard Smith lacked a key 
component of the metapopulations described by Levins -  that is patch extinction and 
recolonization (described in this work as ‘turnover’).  It was not until 1977 that this feature 
was first introduced into a population genetics model of the sort considered by Maruyama 
and Maynard-Smith.  In this paper Slatkin [42]introduces two models, one an “Island-
Mainland” type where all immigrants to populations are from outside the population, the 
other an evolution of Latter’s variant of the Island Model featuring patch turnover.  One of 
the key components of Slatkin’s island model is the mode by which patches are recolonised.  
Slatkin envisaged a ‘propagule’ composed of a number of individuals from a randomly 
selected extant patch that colonise patches when they become vacant. Where the propagule 
size is smaller than the patch size, the initial colonisers expand to fill the patch by random 
mating (as this is a diploid model).  Slatkin compares the results of the models and finds that 
the results depend greatly on the assumptions used, and the method by which the migrants are 
generated. He finds that diversity is decreased by local extinctions.  Slatkin’s model has been 
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extensively re-examined since, with research examining the effects of factors such as the 
effects of patch turnover [43], patch connectivity [44], and what these populations might be 
able to tell us about the mutation rate in a population [45]. These studies are, however, all 
focused on diploid organisms.  Of more direct relevance to bacteria are the results contained 
in  the 1980 paper by Maruyama and Kimura [46] – that examine the results produced by  
Slatkin’s “propagule migration model” in greater depth. They find that as well as the 
reduction in effective population size alluded to by Slatkin caused by local extinctions, the 
divergence of subpopulations is effectively prevented (the effective population size is a 
concept defined by Sewall Wright as “the number of breeding individuals in an idealized 
population that would show the same amount of dispersion of allele frequencies under 
random genetic drift or the same amount of inbreeding as the population under 
consideration”). Further, they use the insights from this model to infer that the effective 
population size of Escherichia coli is small compared to the census population size of the 
species and use their work to counter suggestions by Milkman [47]- who rejected neutrality 
in E. coli on the basis that the effective population size was too low to support a neutral 
hypothesis – with the demonstration that the effective population size of E. coli can be less 
than 1010 and still be essentially neutral.  From the results Maruyama and Kimura show that 
the observed difference in effective and census population size of an organism such as E. coli 
could be due to the impact of colonisation and extinction of colonies over time, as implied by 
Nei when he remarked that "While the total number of E. coli cells in the whole world is 
enormous - possibly of the order of 1023, the effective population size in the long 
evolutionary history must be much smaller than the total number. This is because an E. coli 
colony rapidly grows under certain circumstances, while in other circumstances it easily 
becomes extinct" [48].  This is an early example of a neutral population genetic model being 
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applied to bacterial species, however, such studies are far less numerous than those concerned 
with diploid organisms, and as such much of the most interesting work modelling bacterial 
populations has been more recent.  
1.4 Modelling Bacterial Populations 
The models considered up to this point were all originally designed to examine populations 
that are diploid.  However, the focus of this work is on bacteria.  Within bacteria there are a 
number of models that have been proposed to explain the levels of observed diversity in 
bacterial populations.  Unlike the models considered previously, these models feature a 
process that has not been considered thus far; bacterial recombination. 
1.4.1 Genetic Change in Bacteria 
There are two general mechanisms which bring about change at the genetic level in bacteria.  
These are mutation and recombination.   
Mutation is a far simpler process to model than that of recombination.  It is, simply, the 
process by which a base at a given position in the sequence of a genome is changed to a 
different base. Mutations can be generated by a variety of processes including damage to 
DNA caused by chemical reactions or by ionising radiation, which, if left unrepaired, result 
in the substitution of the base that was present at that location with a different base [49] or 
through errors in the copying process itself [49].  Mutation is ultimately the cause of genetic 
change at the level of individual base pairs, and operates in bacteria at varying rates 
depending on the environment where the bacteria are found and the effectiveness of their 
repair systems.  However, its effects – the production of a different base at a position – are  
uniform across a population, and, as such it can be effectively modelled using simple models 
such as the infinite alleles model. 
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Recombination is a more complex concept to model.  In its broadest sense recombination 
describes the process of one molecule of genetic material being joined to another.  Within 
both eukaryotes and prokaryotes, the primary evolutionary use of recombination is believed 
to be for the repair of stalled or collapsed replication forks [50]. However, within bacteria 
recombination plays a central role in the evolution of many species, as it is also the 
mechanism by which genetic material is exchanged within bacteria. Unlike most eukaryotes 
bacteria are haploid and reproduce by binary fission. This means that aside from errors 
arising during replication, the ‘children’ of a bacterium will contain an exact copy of the 
genome possessed by the ‘parent’. If there is no genetic exchange between individuals, a 
bacterial ‘species’ is simply a series of independent lineages that diverge progressively over 
time.  A study of patterns of genetic linkage using molecular data has demonstrated that this 
“clonal” model of bacterial evolution does not fit with many bacterial species [10]. The cause 
of this diversity, and the resultant divergence from the expected ‘clonal’ population structure, 
is due to the effect of bacterial recombination.  Bacterial recombination is, simply, the 
mechanism by which Bacteria have “sex”. The sharing of genetic material between bacteria is 
achieved by three main mechanisms; 
1) Conjugation - in some species specific structures encoded by a plasmid exist to 
exchange genetic information (such as the F-pilus in Escherichia coli [51]) 
2) Transformation - in some species the bacteria are competent – that is to say that they 
are able to take up DNA from the environment, and integrate it into their own genome 
3) Transduction - the viruses of bacteria – bacteriophage – can inadvertently carry extra 
(non bacteriophage) genetic material between individual bacteria [52] 
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In many cases the genetic material which is subsequently integrated into the genome of the 
recipient will have a high degree of sequence similarity to the original sequence.  This is 
known as homologous recombination.  Of the three methods conjugation via structures such 
as the F-pilus is likely to be the most infrequent method of sharing genetic material.  
Transformation is more frequent – with many species reported to be naturally transformable 
including Streptococcus pneumoniae, Neisseria meningitidis and Haemophilus influenza [53]. 
Where a species is not transformable, the acquisition of new genetic material by an individual 
bacterium is still possible via transduction, when DNA is erroneously packaged up by a 
bacteriophage, and delivered to another cell without the normal phage payload. 
The acquisition of genetic material from elsewhere can have very useful consequences; the 
acquisition of antimicrobial resistance in Staphylococcus aureus being a perfect example of 
how individuals from one species can acquire useful traits that improve their fitness via 
horizontal gene transfer [54].  In the case of S. aureus, this acquisition was almost certainly 
from another species, and this highlights the fact that within bacteria it is entirely possible 
that, via a set of intermediaries, any bacterial species is a potential donor of genetic material 
to any other bacterial species. Recombination is, however, not entirely without its downsides; 
for both the bacteria, and for researchers. For bacteria, there is always the chance that foreign 
DNA acquired in this way could provide no overall advantage, or even prove to be 
deleterious to the individual acquiring it.  For researchers, recombination increases the 
complexity of determining relationships between individuals within a population. In a general 
sense, whatever the mechanism by which genes are actually transferred, recombination in 
bacteria can have one of three effects [55];  
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1) it can create new alleles of genes that already exist (by replacing part of a gene with 
sequence from elsewhere)  
2) it can replace one allele with another (by replacing the whole gene with an allele from 
elsewhere) 
3) or it can insert a new gene into the genome of the recipient 
The latter feature can have important consequences; such as the acquisition of 
antimicrobial resistance [54] or pathogenicity determinants [56]. The first two effects of 
recombination are critically important when studying population data. The capacity to share 
alleles or produce new mosaics poses serious problems for analyses on bacterial data. Any 
comparison between the alleles of a gene carried by members of a population can have its 
phylogenetic signal obfuscated by the effects of recombination.  In some cases this just 
produces a false impression of the divergence between individuals (as recombination 
produces long branch lengths in phylogenetic trees [57]).  In others, the effect of the 
recombinant segment can produce a phylogenetic signal that is strong enough to suggest false 
relationships between the individuals examined [57].  Recombination is therefore a hugely 
significant process both in terms of its effects, and the difficulties it introduces for the 
analysis of data.  It also can produce very different results to those of mutation, which 
requires that it be considered separately to mutation within population genetic models of 
bacteria.  
1.4.2 The Neutral Microepidemic Model; Subdivision without Subdivision 
The subdivided population models described above were all developed to examine the effects 
of subdivision and mutation on the diversity of simulated populations.  While models are an 
integral part of understanding the population genetics of organisms, these models featuring 
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subdivision would be difficult to fit to data.  However, there are models that have been 
developed both to fit to data and to explain observed features in populations.  These models 
have provided information about the processes occurring in these populations. One model 
that has proved to be effective in this way in bacterial species is the neutral microepidemic 
model. This model implicitly accounts for the effects of subdivision, but does not explicitly 
model it.  The neutral microepidemic model is an extension to the neutral model that appears 
to provide a better fit to data from populations of bacterial pathogens than the standard 
neutral model [1].  The extension to the standard neutral model takes into account two 
features of bacterial populations that cause a deviation from neutral expectations.  The model 
also includes an improvement on previous models in that it is able to model populations of 
individuals at more than one locus.  The models considered previously were all single locus 
models, however, with the widespread availability of sequencing technology, large datasets 
are becoming available generated by methods such as Multi Locus Sequence Typing [58] 
which examine several genes over many individuals of a species of interest.    The first of the 
additions to the classical neutral model is homologous recombination.  Unlike mutation, 
which in almost all cases results in the generation of new alleles, homologous recombination 
in bacteria results in the replacement of a small segment of a recipient genome with the 
corresponding region from a donor bacterium (which remains unchanged).  At an individual 
locus this means that unlike mutation which will almost always produce a new allele when it 
occurs, recombination can cause the introduction of an allele that already exists within the 
population. Recombination can also occur between two identical alleles, and have no effect at 
or can involve a partial replacement of an allele (a crossover occurring within the locus) 
resulting in a novel “mosaic” allele. In this way all recombination events are not equal [55].  
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The variability in the potential results from a recombination event requires special 
consideration, which is not generally required for mutation events. 
 The second feature that was implemented to produce a better fit is a parameter that could 
take into account population or sample level effects which may cause a deviation from 
neutral expectations.  This ‘fudge factor’ does not explicitly model the effect of any particular 
process, but significantly improves the fit of the model.  The reason for the need to make this 
adjustment in the case of the bacteria they study is identified by the authors as most likely 
being due to the structure of the underlying epidemic, a term the authors describe as 
‘epidemic linkage’ – however, other non-pathogenic species will probably also have 
population structures that would also necessitate the adjustment.  Within the context of the 
models examined here, if ‘epidemic linkage’ is being corrected for, then the model may, 
more generally, take into account the deviation produced by effects such as subdivision, 
which cause a deviation from neutral expectations.  The authors explain that epidemic linkage 
occurs because the global ‘epidemic’ populations of the pathogens that the authors were 
studying could actually be subdivided into a large number of ‘microepidemics’ that exist in a 
locality such as workplace or day-care centre. The authors left the definition of a 
microepidemic hazy in population genetics terms. Re-examined in the context of the 
population genetics models here, the microepidemic concept can be explicitly defined.  If the 
collection of hosts that are infected over the course of a microepidemic is the patch (so, for 
example, the children at a school [59]or day-care centre [60]) then a microepidemic 
represents a colonized (infected) patch that was colonized initially by a single individual, who 
then began a localized epidemic resulting in the rapid infection of the other hosts in the patch. 
The establishment of a microepidemic therefore represents a bottleneck (at transmission) 
followed by rapid expansion (as the hosts in the patch are infected). The patch will then die 
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out when the hosts recover.  There is a chance over the course of the microepidemic that one 
of the infected individuals will infect someone else who then goes on to start another 
microepidemic in a different patch.  Therefore, in a population composed of microepidemics, 
the population will exist in a state of permanent flux; with continual localised bottlenecks, 
expansions and patch extinctions.  This would be expected to have a significant effect on the 
population level diversity, based on the results from the subdivided populations considered 
previously [46].  The extent of the effect of recombination in a population that has explicit 
subdivision is, however, a complete unknown, as this has not yet been directly considered in 
a similar model, although the results from the neutral microepidemic model suggest that 
recombination can have a significant effect on diversity. 
By including the extra parameter to fit the neutral model to data, the authors are able to take 
into account the effect of subdivision on a bacterial population, without needing to explicitly 
model its effects.  The addition of the parameter to take these effects into account enabled 
Fraser et al to show that the observed diversities in the populations of three major human 
pathogens could be explained by a model that is fundamentally neutral [1].  Although the 
results produced by the model suggested a good fit with these species, it is unknown how the 
method would perform in populations that deviate significantly from the assumed single 
homogenously mixing population.   
1.4.3 Selection in Bacteria – The Ecotype Model 
Neutral models provide one hypothesis for the evolution of populations.  An alternate 
hypothesis that is used to explain population diversities is that of natural selection.  Within 
bacteria, one model that has been proposed that uses natural selection to explain the 
diversities within populations is the Ecotype model [61-64]. 
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Unlike the neutral models considered above, within the ecotype model subdivision is not 
incidental to the model; it is required for the model to operate.  The ecotype model holds that 
bacterial populations can be subdivided into ‘ecotypes’ that correspond to ecologically 
distinct groups, which are adapted to particular niches.  Bacterial species can contain a 
number of ecotypes, and the model predicts that these ecotypes will correspond to sequence 
clusters detected by phylogenetics [62].  The diversity present within these ecotypes will be 
limited due to the presence of periodic ‘local’ selective sweeps that purge diversity within an 
ecotype [61]. These sweeps are local because the advantage that they confer is considered to 
be restricted to individuals that occupy the same niche. Within the ecotype model selective 
sweeps are restricted to individuals located in the same niche or ‘patch’. The effect of these 
repeated sweeps produces ecotypes that are genetically distinct from one another, but which 
contain limited genetic diversity.  The proponents of this theory suggest that these ecotypes 
explain the observed diversities in the bacterial world (Figure 1.2).   
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Figure 1.2. Schematic showing the effects of periodic selection events on the diversity in a population, when 
viewed using a phylogenetic method 
Selective sweeps occur when an individual bacterium gains an adaptive trait that makes them 
fitter than their competitors.  The remainder of the genome then hitchhikes to fixation with 
the adaptive trait, as long as the level of recombination within a population undergoing a 
sweep is sufficiently infrequent that the advantageous trait isn’t spread to many other 
genotypes by recombination.  If this were to happen, the effect of the selective sweep in 
reducing diversity would be reduced or even curtailed. The ecotype model is appealing in 
bacteria because ecological niches can be readily identified within many populations.  Some 
evidence has been reported that ecotypes appear to exist for some environmental prokaryotes 
[65] and are suspected in pathogen populations – for example in pathogens which colonise 
multiple species.     
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1.5 Key Questions 
1.5.1 What is ‘Neutral’ 
The work on subdivided populations carried out in the past has demonstrated that subdivision 
and turnover can have a large effect on the diversities reported in neutral populations.  
Results have also shown that recombination also has a large effect on the patterns of 
evolution observed in a population. The neutral model is used as a null model in population 
genetics, the rejection of which is used to demonstrate the presence of selection. A key 
question arises from this of how do factors such as subdivision and turnover affect 
populations, and is it appropriate to reject the null hypothesis in populations that feature a 
more complex set of interactions than those that are considered in the classical neutral model.  
A second question is to what extent can forces, such as recombination or subdivision, 
reproduce the same effects that are expected from selection?  Is there such a thing as a 
‘signature of selection’ or is it possible for neutral models to generate similar effects? If 
‘rejecting the null hypothesis of neutrality’ is only rejecting a special and probably unrealistic 
case – that doesn’t include subdivision or recombination – then where does this leave tests of 
neutrality, and hypotheses of selection in bacterial populations? 
1.5.2 What Does the Addition of Complex Features Mean for Population Genetic 
Statistics? 
There exist a large number of statistics that have been proposed over the years for describing 
populations.  These metrics are usually concerned with particular aspects of population 
biology and many of them were originally conceived and tested with simplified models of 
populations. Statistics that are still widely used today include the descendents of  Wright’s F-
Statistics (Fst [22] and Gst [9] and its derivatives),  Homozygosity (used in [7] as part of the 
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neutrality test and in [42] to describe population diversity) and its relative heterozygosity (1-
homozygosity), and the Index of Association [10]. Many of these statistics were originally 
applied in the context of simple neutral models that did not include the full range of 
evolutionary and population forces that were considered earlier in this chapter.  In the 
presence of these forces how much can these methods really tell us about a population? And 
how much discriminatory power do summary statistics have when applied to large multilocus 
datasets, such as those becoming more readily available? This is a key question as these 
methods are still widely used to infer characteristics about populations.  The accuracy and 
applicability of the conclusions that can be drawn from these statistics is therefore important 
to understand in the context of modern datasets, that are frequently large and contain the data 
(typically sequence) for many loci from each individual. 
Alongside the increase in computational power that has accompanied the genomic era, new 
approaches have been developed to infer the characteristics of populations using sequence 
data.  These methods are underpinned by statistical methodology but are significantly more 
complex than traditional population genetics statistics and methods.  Most prominent 
amongst these are the large number of Bayesian approaches that have been developed to 
cluster populations [2,66], infer phylogenies [67], detect recombination [5] and infer the 
ancestry of populations [68]. These modern approaches do have their disadvantages. In 
particular, as the methods become more mathematically complex, many biologists cease to 
understand how the method is working.  This is a dangerous situation as it impairs a 
researchers ability to interpret results produced by the methods, as well as increasing the 
chances of researchers using an inappropriate test.  The increasing complexity also increases 
the computational burden of these methods; with many scaling poorly.  This particular feature 
is unhelpful in a time of whole genome sequencing and large datasets. The significance of the 
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results produced by some of these tests may also be open to question.  In many cases when 
new methods are presented, they are validated using simple tests that fail to take into account 
biological realities – such as the presence of subdivision or recombination.  While the use of 
simple models for validating these tests is understandable, and enables those presenting these 
tests to demonstrate that they work as anticipated, ignoring factors that can have a large effect 
on populations may ultimately produce tests that are not fit for their intended purpose.  When 
complicating factors – such as subdivision and recombination, that are often ignored when 
methods are first presented – are introduced, the assumptions that have been made to make 
the methods tractable may result in unpredictable results, that reveal more about the 
limitations of the method than any underlying biology.  The extent to which these methods 
can provide more - and better - information than classical statistics is another key question. 
1.6 Thesis Overview 
The background outlined in this chapter demonstrates that there are a number of key forces 
that act on bacterial population to shape them.  The work by Wright, Slatkin, Maynard Smith 
and others serves to demonstrate that on their own subdivision and recombination are 
important mechanisms in the evolution of bacterial populations, and that models can be used 
to probe the effects of these characteristics on bacterial populations.   
Drawing upon the research from three different fields, in this work I develop a 
metapopulation model that can be modified to simulate populations evolving under neutrality 
or with selection.  The metapopulation model features subdivision and patch turnover, with 
individuals evolving under the effects of recombination and mutation.  I use this model to 
examine the effects of subdivision and turnover on bacterial populations evolving under the 
effects of mutation and homologous recombination.  I also employ the model framework to 
39 
 
directly compare the results produced under neutrality with those produced by selection, to 
compare the behaviour of an ecotype-like model with a subdivided neutral model. I use these 
results to consider how easily the effects of selection can be distinguished from simple 
neutrality.  I move on from this to consider the effects of subdivision and recombination on 
commonly used methods in population genetics. Most methods used today have only ever 
been validated using simple single patch models. I make use of the model I develop to 
provide more rigorous tests of commonly used methodologies that have not been 
systematically examined for use in subdivided bacterial populations evolving under mutation 
and recombination. From these results, I consider the how the results from testing these 
methods can be applied to improve our understanding of bacterial populations. I conclude the 
work by making use of several of these methods to investigate aspects of the population 
structure and biology of several significant pathogens of man. 
This introduction provides an outline of some of the background to the questions posed in 
this thesis.  Further detailed background is provided in later chapters, providing the context to 
the work which was carried out. 
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2 Chapter 2 Developing a Model Framework to Examine Bacterial 
Populations 
2.1 Background 
Understanding bacterial population genetics and the interplay between environmental factors, 
selection, recombination and genetic drift is vital in order to anticipate and understand the 
attributes and dynamics of bacterial populations, and their reaction to perturbations in their 
natural environment.   
Models have been extensively employed to answer population genetics and epidemiological 
questions and to explain patterns observed in the natural world.  Within epidemiology in 
particular, these models can be highly specific to particular organisms or systems – such as 
[69].  Models have also been employed to examine questions of broader scope, for example 
the examination of diversity and effective population size in general under neutrality [46] and 
the investigation of the applicability of widely used methodologies [70]. 
As discussed in the previous chapter there are many processes that have been suggested as 
having a role in shaping bacterial populations.  These include mutation/genetic drift [19], 
recombination [55], selection [61], and population subdivision [1]. Combinations of these 
have been put forward in individual theories – such as the ecotype model [62], and the neutral 
microepidemic model [1] – to explain features observed in real populations.  However the 
interaction of these processes (and the comparability of these theories) has not been fully 
considered within a single, directly comparable framework.  
In this chapter I outline a metapopulation framework designed to capture key features of 
several of the different models that have been proposed to explain observed patterns of 
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bacterial diversity. I will consider the processes that should be modelled explicitly, and those 
that can be left out.  I aim to design a generic framework that can be used to compare and 
contrast some of the dynamics at work in bacterial populations that have been highlighted in 
previous work. By keeping the framework generic, I hope to ensure that it can be modified to 
apply to a wide range of conditions. I conclude by presenting the implementation of the 
model framework, the parameters that will be used and the range of outputs that the model is 
to produce.  
2.2 Model Requirements and Considerations 
The theories (and their accompanying models) considered in the previous chapter contain 
several features whose effects have been shown to be significant forces affecting the 
evolution of bacterial species. In order to compare and contrast the implications of these 
models, I must first define a set of characteristics which the model framework will need to 
include.  The models discussed previously – the neutral model [19], neutral microepidemic 
model [1], Slatkin’s model II [42] and the ecotype model [61] – collectively provide a basic 
set of requirements which  the framework should be able to model, namely; 
• Genetic Drift/Mutation 
• Selection (local/global) 
• Inter-patch migration 
• Patch Turnover 
• Homologous Recombination 
These features provide a set of core requirements for the model framework.  Several of these 
features are present together in other models, however, these have not previously been 
considered within the same framework.  There are also a number of other requirements that 
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need to be considered in the design of a model, and that are absent in some of these 
previously published models. 
2.2.1 Multiple Loci 
The increasing availability of sequencing technology to biologists has resulted in an 
explosion in the production of genetic data for organisms from all of the kingdoms of life.  In 
the case of bacteria in particular, their relatively small and uncomplicated genomes – 
combined with the ease with which many can be cultured – has resulted in a situation where 
population genetics questions relating to bacteria can easily be considered in the context of 
information from many loci within a bacteria of interest.  One of the most obvious successes 
coming from the prevalence of sequencing technology has been that of Multi Locus Sequence 
Typing [58].  Designed to replace Multi Locus Enzyme Electrophoresis [71], Multi Locus 
Sequence Typing (MLST) represents a ‘gold standard’ typing methodology for many 
bacterial pathogens [72].  The system makes use of several housekeeping loci (usually 7), 
whose locations are distributed around the bacterial genome such that they are unlinked; this 
means that any single recombination event is very unlikely to affect more than one locus.  
Each locus has a defined start and end sequence, and is of a known length (one of the 
advantages of using housekeeping loci is that insertions and deletions are rare). In order to 
type an isolate, the loci are sequenced, and the allelic sequences are compared with the 
central database for that species (Figure 2.1).  Each unique allele recorded by the central 
database is given its own allele number, and each unique combination of allele numbers 
recorded is assigned a sequence type.  The databases are distributed over three main 
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websites – www.mlst.net, www.pubmlst.org and mlst.ucc.ie, and cover over 50 species.  The 
methods are easily performed and MLST is amenable to small scale or high throughput 
methodologies.  The widespread adoption by laboratories of the methodology for pathogen 
species has resulted in the identification of many thousands of unique STs, collected from 
across the globe.  These large datasets provide an unparalleled source of information relating 
to bacteria for population genetic studies. Until large scale whole genome projects become 
more widespread, the MLST datasets will remain some of the richest datasets for the 
exploration of bacterial population structure.  As a result, any model that seeks to examine 
the patterns observed amongst bacterial populations will require the modelling of multiple 
loci to be comparable with the publically available datasets. 
Figure 2.1. A simplified schematic of the MLST workflow 
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2.2.2 Variable Patch Life (“Patch Quality”) 
In addition to individual level selection, which has been modelled extensively by population 
geneticists, there is a further ecological scenario that may affect the diversity of a population.  
This scenario could be referred to as ‘Patch quality’ and is potentially significant in 
populations with a high rate of turnover (meaning that the patches in a population have a 
relatively short lifespan).  The effect of patch quality would arise when some patches are 
more long-lived than others, meaning that certain patches are ‘fitter’. In an environmental 
sense, there may be sound reasons for this; some patches will be more stable than others, and 
hence their populations will be longer lived. In epidemiology this concept has a parallel in 
several published models, such as the model for measles presented by Grenfell and Bolker 
[37].  In this model the authors consider the size of population needed to support measles 
epidemics, and the relative importance of towns and cities in measles epidemics.  The most 
significant conclusion in terms of variable patch life is that the timing of epidemics of 
measles is significantly different between towns and cities – and that the epidemics in towns 
may depend on that town’s connectivity to larger population centres. They further indicate 
that post-vaccination, the synchronization of epidemics in larger urban centres alters 
significantly, potentially indicating that large centres act as a reservoir for the disease 
metapopulation.  This mechanism – of long lived ‘reservoir’ patches which contribute 
unequally to the population as a whole produces a situation where the probability of a neutral 
mutation spreading through the population depends on the patch where it arises.  As a point 
of comparison with both the purely neutral situation and the selection situation, ‘patch 
quality’ is an appropriate contrast to some of the models that have been proposed previously.   
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2.2.3 Variable Sampling 
Models provide an idealised world in which overarching questions can be asked, and whose 
results can then be compared with, or fitted to, real world data.  In many cases the datasets 
that are becoming available, rather than being from single large scale studies are actually 
produced by combining the data produced by many different groups (Figure 2.2).  
 
Figure 2.2.The range in numbers of people/groups submitting to MLST databases – over a range of database 
sizes (Streptococcus pneumonaie has in excess of 5,400 unique sequence types, Streptococcus suis has around 200) 
 This results in a situation where the datasets that are commonly available – such as the 
MLST databases – have sampling bias associated with them.  In order to ensure that 
characteristics that are observed in the model results are comparable to those found in real 
world populations, the capability to produce a subsample from the simulated populations is 
important in order to control for some of the effects of sampling bias in real world samples.  
Streptococcus pneumoniae       Enterococcus faecium       Haemophilus influenzae      Burkholderia pseudomallei          Streptoccus suis 
MLST Database 
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2.2.4 Genotype and Sequence Output 
The final requirement for the model, unlike those discussed so far, is a functional 
requirement.  MLST-like data consist of two distinct components.  One of these is made up of 
the sequences for the loci themselves.  The second component is the genotype – which, in the 
case of MLST data, is called the ‘Sequence Type’.  There are several widely used methods 
that use genotypes (either the sequence type, or, more commonly, the allelic profile) for 
analysing data, including the Index of Association (for testing clonality) [10], the Ewens-
Waterston test (for testing neutrality) [7, 8] and eBURST (for visualising the dataset, and 
identifying possible relationships between isolates) [6].  All of these methods make use of 
genotypes, as opposed to sequence data.  Generally methods for the production of 
populations do not provide genotypes as output.  Even models that are ostensibly designed to 
model MLST data – such as SimMLST [73] – output only sequence, leaving the user to 
produce genotypes from sequence data.  As the sequence files produced can be very large, 
this can be a computationally and time intensive process.  Therefore, a requirement for the 
model is that the model should output genotypes or sequence – depending on the question 
being asked. 
2.3 Model Implementation and Considerations 
2.3.1 Model Capabilities 
Based on the requirements outlined previously, the framework should be able to model; 
• Genetic Drift and mutation 
• Selection (local/global) 
• Inter-patch migration 
• Patch Turnover 
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• Homologous Recombination 
• Variable patch life 
over multiple loci, with the option to vary sampling strategy, or examine the whole 
population, and output sequence or genotype data as required.  Having defined the 
requirements for the model, I now aim to produce the implementation for the model.  In this 
section I will outline the major considerations in implementing the model.  I will discuss 
some of the consequences that arise from design decisions that I make, and outline the ways 
in which the model will perform its function.  
2.3.2 Deciding on the Type of Model 
2.3.2.1 Simulated Populations 
Some of the most basic requirements specified could potentially be provided by relatively 
simple, deterministic mathematical models – such as Slatkin’s Model II [42] and that 
presented by Majewski and Cohan [74]. Traditionally within the field of population genetics 
simple summary statistics have been considered sufficient to describe a real world population 
within published works.  Statistics commonly used include the probability of two identical 
individuals being picked from the population  -  homozygosity - (used by Slatkin [42]  and 
Fraser et al [1], for example), measures of population differentiation 
(Fst[75]/Gst[76]/Rst[77]), and measures of “effective population size” [17] (inbreeding, 
variance [78], eigenvalue [79] and coalescent effective population size [80]).  All of these 
measures aim to provide the same thing, namely an indication of the level of diversity  
present within the population. A deterministic mathematical model works by predicting the 
statistic produced for a given set of input variables that interact in a particular way. However, 
while deterministic models are computationally very fast, they are inherently limited by their 
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ability to output only the statistic of interest. These models, although describing a population, 
do not produce an actual simulated population that can be used in other analyses.    These 
models are also limited as they are unable to produce results for subsamples of the 
population, collected under different sampling methodologies.  For each statistic that is of 
interest a new set of expressions would have to be derived and this can prove to be inflexible 
and time consuming.  
As part of my work I will consider the effectiveness of methods commonly applied to 
bacteria, simple deterministic mathematical models would not be suitable, as these questions 
require simulated populations in order to be properly addressed.  
Simulations have been used extensively in the past to explore the forces that shape 
populations and to examine the validity of methods that are applied to biological data (see 
[70, 81] foe examples).  Simulations, because they produce ‘real’ populations, enable the 
production of sequence and genotype data that are suitable for commonly used analysis 
methods.  They also enable the implementation of different sampling strategies, to highlight 
the effects of sampling (including sampling bias) on inferences drawn from real data.  Given 
that deterministic models are inappropriate for the production of simulated populations, the 
next consideration is the choice between forward simulations or coalescent simulations for 
the production of the simulated populations. 
2.3.2.2 Coalescent vs Forward Simulation 
Two distinct methods exist for the production of simulated populations.  Conceptually 
simpler, is forward in time simulation (‘forward simulation’), where a population is created in 
silico, and then incrementally moved forward in time generation by generation. Events (such 
as mutation at a locus, or migration between patches) are assigned directly to individuals in 
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the population, mirroring the mechanisms operating in real populations. These kinds of 
models have traditionally been problematic as they are computationally intensive, and so 
prior to the widespread availability of powerful personal computers were not suitable for 
many simulation tasks. However, forward simulations have been used as a basis for 
simulation packages more recently [82]. Because of the computational limitations that 
accompany forward simulations, the coalescent [83] was proposed as a more computationally 
tractable method. Coalescent theory provides a mechanism for producing an approximation 
of the evolutionary history of a sample taken from a larger population.  It has been widely 
applied in population genetics, and operates by modelling the genealogy of DNA sequences 
backward in time.  The system works by tracking backward to the most recent common 
ancestor of all of the members of the sample, and calculating the occurrence of events that 
have contributed to the final observed diversity.  Neutral mutations can then be 
retrospectively applied to an ‘ancestral’ sequence using the genealogy to produce a sample 
for analysis [84]. The simple coalescent model, with mutation alone, is faster than forward 
simulations for several reasons; firstly, in a forward simulation it takes many generations to 
arrive at an equilibrium where the population can be sampled.  Secondly, the coalescent does 
not model any of the events that occur to individuals in the history of the population that do 
not contribute to the observed diversity in the sample. In a forward simulation, all events are 
modelled, every generation, regardless of how long their results persist in the population.  As 
a result, when dealing with simple mutation alone, the basic coalescent model is very fast, 
and is able to produce large samples with relative ease [85]. However, the addition of extra 
factors quickly increases the complexity of the coalescent model, as well as increasing the 
computational burden.  In particular, the addition of recombination works to increase the 
complexity of the ancestral genealogy.  This has the effect of increasing the coalescence time 
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(the time to the most recent common ancestor), and increasing the number of individuals that 
need to be modelled in order to produce the final sample population.  The addition of 
population subdivision and selection add to the complexity of the model, reducing the 
advantage of the coalescent over forward simulations for producing simulated populations.  
In addition to the purely computational cost that comes from increasing complexity, the 
implementation of features such as selection and recombination within a coalescent 
framework are complicated [86], and the production of a joint coalescent framework 
featuring all of the required flexibility would be a major undertaking, of uncertain 
computational advantage over a forward simulation.   In addition, the coalescent is poorly 
suited to the simulation of whole-population datasets, as opposed to samples, and is 
unsuitable for any simulation where samples from consecutive generations are required, for 
example to capture the growth in the number of sequences over time present in real world 
databases.  In comparison, forward-in-time simulations are far simpler to implement than 
those using the coalescent.  They are also far more flexible, as they simulate every individual 
in the population. They also keep track of the ancestral information for a population, because 
they model every event that occurs.  These reasons make them more suitable than the 
coalescent for examining evolutionary processes  [87] and population-level effects [81].  
These reasons also make them more suitable for the direct comparison with real world 
datasets that have been produced by a process of continuous sampling and the aggregation of 
the results of multiple studies.  A coalescent model would only be able to provide a final 
‘snapshot’, equivalent to the population present at any one time.  A forward-in-time 
simulation in comparison, can provide an output population composed of the individuals 
alive at multiple points in time, to mirror the way in which sequence databases and strain 
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collections are added to over time, capturing a temporal element which is not possible with a 
pure coalescent model. 
2.3.2.3 Discrete Generation vs Continuous Time Models 
In addition to the question of which method to use for simulating populations (looking 
backwards through time, as in the coalescent model, or simulating forwards through time as 
in forward simulation), there is the question of how time passes within the simulation itself.  
Within the model individuals will be subject to the effects of a number of processes – such as 
migration or mutation. Broadly speaking, the way in which these processes are applied to an 
individual over their ‘lifetime’ can be modelled in one of two ways.  Within population 
genetics, many of the most widely used models are members of the class of models first 
described by Fisher and Wright [17, 21, 22].  The Wright-Fisher model envisages a 
population where individuals exist in non-overlapping generations, where one generation 
encompasses the lifetime of an individual. All of the population genetics models that I am 
considering here are models of this type. In comparison, within the fields of epidemiology 
and ecology the models employed for modelling populations, such as the Levins type 
metapopulation model [29, 30] or the SIR model, individuals exist in overlapping generations 
[88].  Within these populations the events which occur at an individual level are taken one 
single event at a time, with the order of events being determined based on the relative 
probabilities of the possible events which could occur, based on the population present at that 
time.  As a result, the lifetime of an individual will vary, some individuals will die out very 
quickly, while some will survive much longer.  Handling events individually will therefore 
result in populations containing individuals with a distribution of ages.  This means that 
generations overlap, and individuals from different generations can interact with one another. 
Another feature that is present in these models is the capacity for a fluctuation in the 
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population size over time.  These are features that could be interesting to consider, in the 
context of how these affect the populations which are observed in the natural world.  
However, it would be very difficult to compare overlapping-generation models directly with 
the discrete time population genetic models that are one of the primary focuses of this work, 
and as such, the model framework was implemented as a standard Wright-Fisher model with 
non-overlapping generations. 
2.3.2.4 Event Ordering 
The use of a discreet time model with non-overlapping generations requires that the events 
that occur to individuals in the population be applied in some sort of order each generation. 
This is a point of variation between models, and this may have consequences on the results 
produced by the model [89].  Population genetics models traditionally implement an explicit 
event ordering. An example of the explicit ordering of events can be seen in the case of the 
Slatkin’s Model II [42].  In each generation, there are three types of event that occur, these 
are migration events (individuals moving from one patch to another), extinction events 
(where a patch dies out/recovers) and genetic events (where mutation occurs, in the case of 
the Slatkin model).  Slatkin orders these events and applies mutation after 
migration/extinction. This is important as it precludes the possibility of a mutation occurring 
in an individual and that individual subsequently colonising a new patch.   
When it was tested, the order in which events are considered and applied to the population 
does have a small effect on the results produced.  In an ideal (and far more realistic) situation 
event order would be one where events are taken one at a time, with the relative probabilities 
of each sort of event determining the type of event that takes place.  However, these are not 
easily parameterised in a population genetic sense, and would introduce an enormous 
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computational burden on the simulation.   One possible modification is the randomisation of 
the event order each generation – although, the advantage of this modification would be hard 
to assess, as there is no ideal result to compare with.  As a result of these considerations an 
event ordering in line with that used in the Slatkin model is used within the framework. 
2.3.2.5 The use of Small Simulated Population Size 
A side effect of the need to produce simulated populations is the limitation that this places on 
the population sizes that can be modelled.  The global, census population size for many 
bacterial species has been estimated to be very large (in the region of 1022 cells); however 
tractably simulating and analysing a population of this size poses significant computational 
challenges.  Consequently, simulation studies make use of population sizes that are very 
many orders of magnitude smaller than the census population size for most species of 
interest.   This limitation has not prevented the application of simulated data to a wide range 
of scenarios.  Smaller simulated population sizes have previously been applied to establish 
the effectiveness of commonly used methods [70] and statistics [81], and to produce 
populations to examine biological questions such as those relating to speciation [90]. These 
examples all show situations where simulations capture the characteristics of real world 
populations using comparatively small population sizes.    
The effectiveness of using smaller population sizes is also supported by looking at 
mathematical models. Using the deterministic equations from the Slatkin’s Model II [42] 
(modified for multiple loci and haploid organisms, repeated in Appendix 1), and scaling 
mutation with the population size, this model also suggests that smaller population sizes will 
produce much the same results as much larger populations, irrespective of the patch size 
used, as long as the rate of mutation is scaled with population size.  If mutation is not scaled, 
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then the shape of the graph produced by the Slatkin model remains the same, but for a fixed 
probability of mutation, homozygosity is progressively decreased as the population size is 
increased (Appendix Figure 2).The Slatkin model suggests that for small patch sizes, at low 
rates of migration and low rates of turnover, smaller population sizes may result in an 
overestimation of the population level homozygosity.  (Figure 2.3). 
Figure 2.3. Performance of smaller population sizes in Slatkin’s model II, for a range of patch sizes and patch counts.  
Three patch sizes (2,000, 200 and 20) are shown, with patch counts of 500, 5,000 and 50,000.  Individuals are 
simulated with 7 loci, with a scaled per locus per generation mutation rate of 5, equivalent to a per individual per 
locus probability of mutation of 0.00025 in the population with 500 patches of 20 individuals.  For the patch size of 20 
results the upper (blue) results are for the population composed of 500 patches, while the lowest (green) results are 
for the population composed of 50,000 patches. 
This result is due to the fact that in a population composed of small patches that are 
effectively isolated from one another, most patches will contain relatively few genotypes (i.e. 
they will tend towards homogeneity).  When patches are long lived, the patches will diverge 
from one another as time goes on, meaning that the probability of picking two identical 
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individuals from different patches will be very small without migration being present. This 
can be explained in terms of the population level homozygosity.   
Given that the overall homozygosity for the whole population is: 
1
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁  𝑜𝑜𝑜𝑜  𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ℎ𝑁𝑁𝑒𝑒 ∗ 𝑊𝑊𝑊𝑊𝑃𝑃ℎ𝑊𝑊𝑖𝑖 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃ℎ 𝐻𝐻𝑜𝑜𝑁𝑁𝑜𝑜𝐻𝐻𝐻𝐻𝐻𝐻𝑜𝑜𝑒𝑒𝑊𝑊𝑃𝑃𝐻𝐻 + 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁  𝑜𝑜𝑜𝑜  𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ℎ𝑁𝑁𝑒𝑒−1𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁  𝑜𝑜𝑜𝑜  𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ℎ𝑁𝑁𝑒𝑒 ∗ 𝐵𝐵𝑁𝑁𝑃𝑃𝐵𝐵𝑁𝑁𝑁𝑁𝑖𝑖 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃ℎ 𝐻𝐻𝑜𝑜𝑁𝑁𝑜𝑜𝐻𝐻𝐻𝐻𝐻𝐻𝑜𝑜𝑒𝑒𝑊𝑊𝑃𝑃𝐻𝐻  
Where within patch homozygosity is the probability that two individuals from the same 
patch, picked at random, are identical, between patch homozygosity is the probability that 
two individuals, from different patches, picked at random are identical. As a result, any 
increase in the total number of patches will cause a reduction in the contribution of within 
patch homozygosity to the total homozygosity.  With a population where there are few 
distinct genotypes present in each patch, most of the time when two individuals are picked 
from the same patch, they will be identical.  This means that within patch homozygosity will 
be close to 1. In a population whose patches are isolated from each other over a long period 
of time, most of the time when two individuals are picked from different patches they will not 
be identical.  This means that between patch homozygosity will be close to 0. Therefore, in a 
population with low migration and extinction (where most patches will contain few distinct 
genotypes, and genotypes hardly ever leave their patch), the population level homozygosity 
will approach 1/the number of patches, as the population migration and extinction rates are 
decreased.  The Slatkin model suggests, however, that this should not become a problem even 
when a relatively low migration rate (equal to an individual migrating, on average, once 
every thousand generations) is used.  A population size of 25,000 was selected as the Slatkin 
results suggest that 25,000 individuals will provide results that are still very similar to those 
produced when a much larger population size is used (Appendix Figure 1).  This population 
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size represents a good balance between computationally tractable simulations and results that 
are biologically relevant. 
2.3.3 Model Implementation 
Having outlined some of the considerations for the type of model that would be used, I now 
outline how I implemented the various elements of the model.   
2.3.3.1 Mechanics of Mutation 
Mutation is the introduction of base pair changes into the DNA sequence of an organism.  
Without the action of mutation, the ultimate production of de novo diversity would be 
impossible.  In the real world, there are a number of mechanisms that work to produce base 
changes in organisms.  I do not model these specifically, rather within this model, mutation is 
modelled as occurring with a per locus probability.  At the genotype level the model is 
implemented as an infinite alleles model, whereby each mutation results in the generation of 
an allele that is different to any other allele currently in the population.  At a sequence level, 
the mutation is applied to the allelic sequence, at a random position picked using a uniform 
random number generator. This could result in the production of a homoplasy (although this 
is unlikely).  As a result, when sequence is simulated, prior to the outputting of sequence data 
the model checks to ensure that each genotype produced is unique at a sequence level. In this 
model the probability of one base changing to another is the same for all bases, therefore 
transitions and transversions occur at the same rate following [91]. The length of sequence 
modelled is equal for all loci and is chosen when the model is run. Mutations can be applied 
to any of the three codon positions or to third positions only. 
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2.3.3.2 Mechanics of Recombination 
Recombination itself is a broad term – and as previously discussed can refer to a number of 
different methods by which genetic material is inserted or rearranged within a genome, with 
particularly significant variation in the methods – and results – between eukaryotic and 
bacterial recombination.  The type of recombination being considered here is homologous 
(and so requires very similar sequences between donor and recipient).  Homologous 
recombination can occur by three main processes; some bacteria are “competent” – and are 
able to take up DNA from their environment.  Otherwise, DNA can be imported into a 
recipient bacteria from a donor by conjugation or transduction [51, 52].  Homologous 
recombination could result in two types of change at a locus in an individual in vivo; it could 
replace the whole gene, resulting in a gene conversion of one allele to another, or it could 
replace only a part of the gene, resulting in the generation of a new mosaic allele. Within this 
model the formation of a new mosaic allele by recombination is not considered, as this would 
add unnecessary complexity.  Recombination is therefore modelled as a gene conversion 
event following [92]. Although posing a potential limitation to the model, questions relating 
to the generation of new alleles by homologous recombination are distinct from the questions 
being considered in this work, and as a result the modelling of this capability is unnecessary.  
This simplification will also only have a potential effect at the sequence level, as at the 
genotype level the generation of new alleles by homologous recombination is 
indistinguishable from the generation of new alleles by mutation. 
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Figure 2.4. Contrasting effects of mutation and recombination - recombination results in the shuffling of alleles 
amongst individuals, mutation results in the creation of new alleles 
A further consideration for the mechanism of recombination comes from the effect of 
subdivision; should patch boundaries act as boundaries to genetic exchange between 
individuals? In the simplest models that feature recombination, the population is a single 
homogenously mixing group of individuals (for example in [1]).  This means that 
recombination can occur between any two individuals within the population.  This 
arrangement is unavoidable in single patch models, however, once a population is subdivided 
into patches the question of the location (in terms of patch cohabitation or not) of the donor 
and recipient for recombination becomes important.  Broadly speaking there are two 
extremes that can be considered in a multi-patch model.  The first is ‘global’ recombination.  
In this circumstance, the donor and recipient for recombination can be located in any patch 
relative to one another.  In practical terms this means that the probability of any given 
individual being the donor in a recombination event is; 
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1
𝑇𝑇𝑜𝑜𝑃𝑃𝑃𝑃𝑇𝑇𝑃𝑃𝑜𝑜𝑇𝑇𝑁𝑁𝑇𝑇𝑃𝑃𝑃𝑃𝑊𝑊𝑜𝑜𝑖𝑖𝑇𝑇𝑊𝑊𝐻𝐻𝑁𝑁 − 1 
Global recombination has been implemented in previous studies where ecotypes and 
adaptation were studied [61]. Global recombination is, however, likely to be limited to 
looking at populations where patches are relatively ill defined, and contact between 
individuals across the population is frequent. This global recombination is unlikely to occur 
for many populations. A more likely situation is to be found at the other extreme - ‘local’ 
recombination. Local recombination requires that the recipient and donor must be located 
within the same patch in order to share their alleles.  Conceptually this is closer to the likely 
situation for many bacteria.   When recombination is local the donor and  recipient are from 
the same patch.  The framework provides the capability to model populations under local 
recombination.  In both local and global recombination modes there is a check to prevent the 
random selection of the same individual as donor and recipient.  Within the model framework 
populations can be produced under either local or global recombination.  A more realistic 
approach would be to allow most recombination to be local, but a fraction to be global.  This 
feature could be incorporated into the model framework, and would represent an intermediate 
condition between the two extremes of local and global recombination.  For the purposes of 
this work, I did not implement the capability for populations to evolve both under local and 
global recombination, but this could be implemented in the future.  
2.3.3.3 Patch Turnover and Migration 
Following the Slatkin model, the model framework models the population at a steady state 
[73, 82, 93]; that is to say that population size remains constant. Patch turnover is the process 
by which patches become extinct, and are replaced in the population by new patches, keeping 
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the population at a constant size. The processes of patch turnover and migration are 
illustrated in Figure 2.5.  
 
Figure 2.5. A schematic of the processes of patch turnover and migration as implemented in the model 
framework. 
Patch turnover is the process by which patches become extinct, and are replaced in the 
population by new patches, keeping the population at a constant size.    Within this 
framework, this process is achieved by including a patch extinction parameter, which 
represents the probability of a patch going extinct per generation.  The process of extinction 
is comprised of three steps, first, the number of patches that will go extinct that generation are 
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calculated, then the patches that will go extinct are picked.  The final step sees the selected 
patches replaced by a set of new patches that are colonised by randomly picked individuals 
from extant patches.   
Migration is the movement of individuals between patches.  Within this model this is 
parameterised as a per individual probability of migration per generation.  When the 
migration step occurs within the model, individuals are picked to migrate.  In order to ensure 
that patch sizes remain constant, this is implemented as a swap, where each individuals are 
paired up, and swap their relative positions in the population. This step allows self migration 
(that is migration where an individual leaves and then immediately re-enters the patch), as is 
the case in previous published models of subdivided populations [25, 93]. 
2.3.3.4 Selection – Individual Selection and Patch Quality 
Two distinct forms of individual level selection are implemented in the model, and these can 
be defined broadly as ‘local’ and ‘global’ selection.  Local selection relates to the acquisition 
of adaptation(s) by an individual that confer advantage in a local environment. These 
advantages are specific and may be very temporary in nature [61]. The result of the 
acquisition of a locally advantageous trait is that any individual with the advantage may 
sweep to fixation within that population.  When such a sweep occurs, it is generally rapid 
when patch sizes are small (it takes only a few generations).  This short time to fixation 
enables the process to be modelled as a bottleneck, where all other genotypes in a patch are 
replaced by individuals with the advantage over the course of a single modelled generation.  
This approximation is similar to the one used in [61].  
Global fitness relates to the adaptation(s) that make an individual more fit than competitors 
anywhere within the population.  The evolution of these adaptations may also lead to 
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selective sweeps, but this will occur on a global level.  In this context, individuals with the 
adaptation will out compete those without it, eventually leading to every individual in the 
population possessing the adaptation. Within this model, this is simulated following from 
[61], where the evolution of an advantageous trait occurs with a set, per individual 
probability.  Because a global sweep will take much longer than a local sweep to occur, this 
process cannot be modelled in the way that the local sweeps are.  In the case of the globally 
advantageous traits, the acquisition of the trait will confer an advantage to any individual that 
possesses it.  This advantage improves the chances of an individual genotype’s inclusion in 
the next generation. When each generation is resampled, every patch is considered 
individually. Each patch has a fixed size, analogous to a carrying capacity of an 
environmental location such as a hot water spring or a location where there are a fixed 
number of hosts such as a daycare centre. The resampling step picks the distribution of 
genotypes that will make up the patch in the next generation. The selection of genotypes in 
resampling is made by picking individuals from the previous generation with replacement.  In 
a neutral simulation, the probability of an individual being picked for a space is; 
1
𝑇𝑇ℎ𝑁𝑁 𝑖𝑖𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑊𝑊𝑖𝑖𝑖𝑖𝑊𝑊𝑖𝑖𝑊𝑊𝑖𝑖𝑁𝑁𝑃𝑃𝑇𝑇𝑒𝑒 𝑊𝑊𝑖𝑖 𝑃𝑃ℎ𝑁𝑁 𝑇𝑇𝑃𝑃𝑃𝑃𝑃𝑃ℎ 
When selection is added, this becomes; 
1 + 𝑃𝑃ℎ𝑁𝑁 𝑜𝑜𝑊𝑊𝑃𝑃𝑖𝑖𝑁𝑁𝑒𝑒𝑒𝑒 𝑃𝑃𝑖𝑖𝑖𝑖𝑃𝑃𝑖𝑖𝑃𝑃𝑃𝑃𝐻𝐻𝑁𝑁
𝑇𝑇ℎ𝑁𝑁 𝑖𝑖𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑊𝑊𝑖𝑖𝑖𝑖𝑊𝑊𝑖𝑖𝑊𝑊𝑖𝑖𝑁𝑁𝑃𝑃𝑇𝑇𝑒𝑒 𝑊𝑊𝑖𝑖 𝑃𝑃ℎ𝑁𝑁 𝑇𝑇𝑃𝑃𝑃𝑃𝑃𝑃ℎ + 𝑃𝑃ℎ𝑁𝑁 𝑖𝑖𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑊𝑊𝑖𝑖𝑖𝑖𝑊𝑊𝑖𝑖𝑊𝑊𝑖𝑖𝑁𝑁𝑃𝑃𝑇𝑇𝑒𝑒 𝐵𝐵𝑊𝑊𝑃𝑃ℎ 𝑃𝑃 𝑜𝑜𝑊𝑊𝑃𝑃𝑖𝑖𝑁𝑁𝑒𝑒𝑒𝑒 𝑃𝑃𝑖𝑖𝑖𝑖𝑃𝑃𝑖𝑖𝑃𝑃𝑃𝑃𝐻𝐻𝑁𝑁 ∗ 𝑃𝑃ℎ𝑁𝑁 𝑜𝑜𝑊𝑊𝑃𝑃𝑖𝑖𝑁𝑁𝑒𝑒𝑒𝑒 𝑃𝑃𝑖𝑖𝑖𝑖𝑃𝑃𝑖𝑖𝑃𝑃𝑃𝑃𝐻𝐻𝑁𝑁  
The result of this is that individuals with the advantageous trait will be more likely to 
stochastically increase in number over time, ultimately out-competing the neutral individuals 
within the population.  Once all of the individuals within the population have a fitness 
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advantage, the selective sweep is complete, and the advantageous trait becomes effectively 
neutral.  At this point, the model resets the advantage for all individuals in the population, 
allowing new advantages to arise and bring about further sweeps. This is biologically sensible 
as it mirrors the stepwise process of evolution in the natural world.  Within the model, as it is 
implemented, the size of fitness advantage gained is set when the model is run. The model 
could be extended to allow the fitness advantage to be randomly picked from a probability 
distribution such as a gamma or Poisson distribution, however, the deeper questions relating 
to selection that these additions could be used to address are outside the scope of this project.   
The model framework also features a model of “selection” that relates not to individuals, but 
to the patches that they inhabit.  Although there are examples of bacterial populations that are 
stable and persist for a long period of time [94], many bacterial ‘patches’ are likely to be 
short lived.  In the case of commensal and pathogenic bacteria, the period of 
infection/colonisation of hosts can be very short; measured in days [95] or weeks [96].  
Similarly, in environmental pathogens, the locations that are colonised can vary greatly in 
their suitability for supporting bacterial growth.  In these circumstances, bacterial populations 
may end up being composed of a mixture of long lived and short lived patches. This variable 
“patch quality” could result in an advantage for the individuals that are located in a long lived 
patch. Within the model, patch turnover has three steps; selecting the patches to go extinct, 
clearing the patches and then colonising new patches to replace the ones that have been lost.  
Variable patch quality is implemented as a count of the number of times that a patch can 
avoid being picked for extinction.  At the point of colonisation each patch is randomly 
assigned to being normal or long lived.  Long lived patches are given a number of ‘lives’, 
with the number being specified when the model is run.   Normal patches are given only 1 
life. When patches are selected to be made extinct the number of ‘lives’ remaining for each 
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patch is reduced by one. Once a patch has 0 lives, it is made extinct.  In this way, the model 
simulates the stability of long lived patches compared to short lived ones.  
2.3.4 Comparability with Other Models 
The model as outlined is designed to be comparable to other models that have previously 
been presented.  I now outline how several of these models relate to the model framework 
presented here. 
2.3.4.1 Classical Epidemiological Models 
Bacterial pathogens are one group of organisms that the model framework is designed to be 
applicable to.  However, the framework is clearly not an epidemiological model. By way of 
comparison with traditional epidemiological compartmental models, I do not explicitly 
identify modelled individuals as belonging to compartments of Susceptible, Infected and 
Recovered.  In addition, classical epidemiological models are continuous time models, where 
population size can fluctuate, generations can overlap and the ordering of events which could 
occur to an individual in the population is not set explicitly within the model. In comparison, 
the model framework implements a discreet time model with non-overlapping generations of 
set size and a defined event ordering for each generation. In an epidemiological context the 
individuals modelled within the framework would all fall into the ‘infected’ compartment 
within a traditional epidemiological model. As a result there are no ‘resistant’ or ‘susceptible’ 
compartments within the framework.  I also do not specifically define epidemiological 
parameters such as the transmission or recovery rates.  This means that the model could not 
be used in its regular form for examining short term changes in a population from the 
progression of an epidemic.  However, the framework has been designed to model a steady 
state population. For some bacterial pathogens, such as Yersinia pestis which are obligate 
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pathogens, this characteristic may make the model less suitable for use in modelling their 
populations.  This is because these populations are dominated by epidemics with large 
increases and decreases in host numbers.  However, there are a large number of globally 
significant pathogens for whom pathogenicity is only incidental to their normal lifestyle. 
These pathogens – although being capable of causing significant disease – are more likely to 
have a population which is in a steady state, as most of the hosts will be carrying the 
pathogen in an asymptomatic state. This group includes commensals of mucosal membranes - 
such as Neisseria meningitidis, Haemophilus influenzae and Streptococcus pneumoniae, 
commensals of the skin such as Staphylococcus aureus, commensals of the gut such as 
Escherichia coli and environmental organisms that can cause disease such as Burkholderia 
pseudomallei.  In all of these cases the global population of these organisms is likely to be 
relatively stable. As these populations are relatively stable, the assumption of a steady state is 
appropriate.  
Epidemiologically important events will be occurring within these populations at a local 
level; individuals will transmit, be infected and recover, but because the global ‘epidemic’ is 
relatively stable, these events do not need to be modelled explicitly.  Instead, within the 
framework, the process of transmission and recovery is implicitly modelled by patch 
turnover.  The main difference at a patch level is that instead of the number of infected 
individuals within a microepidemic changing over time such as would occur in the real 
world, within the turnover model the change in frequency of infected individuals is a ‘digital 
pulse’ rather than an ‘analogue wave’ (Figure 2.6).   
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Figure 2.6. A shows a sample epidemic curve for a patch of total size of 20 individuals, modelled using an SIR 
model in Berkely Madonna.  B shows the 'epidemic curve' which is produced by the colonisiation and subsequent 
'recovery' of a patch in the populations in the model. 
This means that on a within patch level there may be some differences between the model 
with turnover and another model featuring explicit modelling of the local epidemic, however, 
the results should still be applicable in a general sense to populations which are composed of 
microepidemics.  Furthermore the model framework can be easily applied to environmental 
bacteria as well as pathogens. 
2.3.4.2 Population Genetic Models 
2.3.4.2.1 Neutral Models 
The model framework is most similar to population genetic models.  The model parameters 
are comparable to those in related models, and the same parameters can be used between 
these models to produce similar results. 
2.3.4.2.1.1 Classical Neutral and Neutral with Recombination 
The model framework is an improvement to the classical neutral model as it can take into 
account the effects of recombination.  The framework is directly comparable with the 
classical neutral and neutral with recombination models. The framework operates in the same 
way, modelling the population in non-overlapping generations whose individuals undergo 
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mutation and recombination at a locus with a predefined probability. The mutation and 
recombination parameters used in the classical models are the same as those present in the 
model framework here. This means that the models are directly comparable. 
2.3.4.2.1.2 Slatkin Model 
The model proposed by Slatkin (Model II) [42] is more complex than the classical neutral 
models.  It does, however, provide the conceptual basis for the neutral component of the 
model framework.   The framework features improvements over the Slatkin model as it can 
feature recombination and multiple loci.  The model framework is therefore directly 
comparable to the Slatkin model, with one exception.  The only difference between the 
models is that the Slatkin model features what Slatkin describes as a ‘variable propagule 
size’. Within the Slatkin model the ‘propagule’ is the size of the pool of individuals which 
colonises a new patch.  In practice this means that within the Slatkin model it is possible to 
choose more than one individual to colonise a patch. Within the Slatkin model the propagule 
size is set when the model is run.  The result is that newly colonised patches will have more 
diversity as the propagule size is increased.  The effect that increasing the propagule size has 
will depend on the diversity present in the population. Within the model framework, one of 
the areas of interest is transmission bottlenecks, and so patch colonisation is from a single 
individual.  In terms of the model proposed by Slatkin, this would be achieved where the 
propagule size is 1. The framework does not consider the effects of larger propagule size in 
bacterial populations. Aside from this modification present in the framework, the parameters 
used by Slatkin are the same as those used in the framework. 
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2.3.4.2.2 The Ecotype Model 
Neutral models provide one hypothesis for the evolution of populations.  Alternate 
hypotheses which are used to explain population diversities include Natural Selection.  
Within bacteria, one model that has been proposed featuring natural selection is the Ecotype 
model. 
The ecotype model holds that bacterial populations can be subdivided into ‘ecotypes’ which 
correspond to ecologically distinct groups.  Named bacterial species can contain a number of 
ecotypes, and these ecotypes will correspond to sequence clusters detected by phylogenetics.  
The diversity present within these ecotypes will be limited due to the presence of ‘local’ 
selective sweeps which work to purge diversity within an ecotype periodically.  The presence 
of these sweeps enables ecotypes to be genetically distinct from one another, while also 
explaining the observed diversities in the bacterial world and providing a model of how new 
species arise. 
The local sweeps capability within the framework was designed to produce the same effect as 
local selective sweeps.  The model framework has therefore been designed to be directly 
capture some of the key effects of the periodic local selective sweeps which are central to the 
ecotype model.  The framework can operate in an identical way to that proposed by Majewski 
and Cohan in [61], with patches with no migration/turnover, local sweeps and global 
recombination.  The framework also allows a further investigation of the effect of local 
sweeps in the presence of migration, local recombination and turnover.  In this way the model 
provides an opportunity to more fully consider the effect of local sweeps in the presence of 
other population dynamics to those originally considered by Majewski and Cohan.   
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Unlike the model proposed by Majewski and Cohan [61] the framework outputs populations 
directly; the model in the original paper, in comparison, outputs a measure of ‘sequence 
diversity’.  This should, however, be analogous with other population genetic measures of 
diversity such as homozygosity. The other major difference between the two models is scale.  
In the original paper, the authors are examining the process of selective sweeps within  
bacterial cells cohabiting in a single location. They model the process of selective sweeps at 
the level of individual bacterial cells. The framework is designed to operate at a level above 
this, and does not explicitly model the processes which are occurring on the individual cell 
level.  This difference in scale should not prevent the modelling of the processes which are 
thought to establish ecotypes. The model framework provides an opportunity to explore the 
processes described in [61] on a population-wide scale, and consider the implications of the 
ecotype model in this context.  
2.4 Model Outline 
Having defined the model implementation, I can now provide a complete outline of the 
model framework, its input parameters, outputs and its programmatic organisation.  In this 
section I also consider the presentation of results produced by the model, and the ways to 
ensure that results presented in this work are comparable to one another and those obtained 
from the natural world. 
2.4.1 Input Parameters 
The final model has a two sets of input parameters.  These comprise one set that relate to the 
processes that have been discussed in this chapter. These parameters are shown in Table 2.1.  
In addition to these parameters that relate directly to the modelled processes, several generic 
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parameters are present that are required by all of the models, but do not relate to specific 
processes themselves.  These are shown in Table 2.2. 
Parameter Description Process Modelled 
Mutation Per locus probability of mutation Genetic Drift 
Fitness coefficient Per individual fitness advantage from 
adaptive evolution 
Selection 
Fitness probability Per individual probability of gaining 
an adaptive mutation  
Selection 
Patch quality 
probability 
Per colonisation event probability 
that patch is long lived 
Selection 
Patch Life Number of extinction events a long 
lived patch is able to evade prior to 
going extinct 
Selection 
Inter-patch Migration Probability that an individual 
migrates 
Demographic 
Patch Turnover Probability that a patch goes extinct Demographic 
Homologous 
Recombination 
Per locus probability of 
recombination 
Recombination 
Table 2.1. Parameters and specific processes to which they relate 
Parameter Description 
Patch Size The number of individual bacteria per 
patch 
Number of Patches The number of patches within the 
population 
Number of Loci The number of loci that are modelled  
Locus length The number of base pairs per 
modelled locus (when modelling 
sequence) 
Table 2.2. Generic parameters which describe the population and individuals in the population 
The parameters are set each time the model is run.  As the model is stochastic, the model is 
run multiple times to provide a range of results.  Results from runs of the model showed that 
in some cases the data for homozygosity is not normally distributed around the mean. As a 
result, these results are used to produce box plots showing the distribution of the results 
around the median, with an indication of the maximum and minimum values obtained.  
2.4.2 Presentation of Results 
The model framework possesses a large parameterspace that could be explored by modelling.  
In order to ensure that the results are as biologically relevant as possible, I explicitly define a 
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group of biologically sensible parameters that represent boundary scenarios, approximating 
the dynamics acting on populations of interest and relating them to biological concepts.  
2.4.2.1 Population Subdivision 
In an epidemiological context patch turnover represents the recovery of individuals in an area 
from an infection. At a bacterial level this involves the death of all of the infective bacteria 
within a patch.  In an environmental scenario, patch turnover would equate to the destruction 
of a patch, and the death of all of the bacteria it contains.  In an epidemiological scenario, it 
would be the recovery of hosts in a patch. In both cases, where patch turnover is low, the 
populations considered would be long lived or endemic to a localised area/group of hosts.  
When patch turnover is low, there are two extremes of bacterial population structure possible. 
The first is similar to that seen in the gut pathogen Helicobacter pylori.  Patches are long 
lived, and are isolated from one another, with very little between patch migration.  H. pylori 
typically exists within a host for many years, and opportunities for contact with infected 
individuals outside the household are rare.  In contrast to this, there is the commensal, 
hospital and sometime community acquired pathogen, Staphylococcus aureus.  In this case 
patches are long lived (with S. aureus reported to be endemic in many hospitals [97]), and a 
high level of between patch migration may also be expected in this population (as people 
come in to hospitals to visit, and patients are moved between wards for example).  Within the 
model framework, these two scenarios can be approximated by using a low rate of patch 
turnover and either a low rate of migration (for the H. pylori example) or high rate of 
migration (for the S. aureus example).   
  High rates of patch turnover are also conceivable in bacterial populations.  Some bacterial 
pathogens cause either high mortality (wiping out entire patches) or lead to rapidly acquired 
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immunity in the hosts, resulting in a short duration of infection.  In addition, these pathogens 
may be highly transmissible.  In this situation, rigid patch boundaries may be less well 
defined. This creates a situation where many individuals infected by different sources are 
likely to come into contact with one another.  This characteristic can be captured within the 
model by higher rates of migration between patches. Examples of these kinds of dynamics 
can be seen in the case of Yersinia pestis, the cause of the black death, but this model may 
also be appropriate to consider viral infections such as influenza or smallpox. The final 
scenario is a day-care centre scenario, such as might be expected in the case of commensals 
such as Neisseria meningitidis.  In this case, patches of colonised individuals are relatively 
well defined and isolated from one another, meaning there is little inter-patch migration and 
colonisation of individuals and  patches are relatively short lived.  These examples can be 
approximated by using a high rate of patch turnover and either a high rate of migration (in the 
Black Death example) or low rate of migration (in the N. meningitidis example).   
The effect of the parameter combinations – and the results produced by the four scenarios are 
demonstrated using the Slatkin’s model II in Figure 2.7.These four scenarios define a set of 
parameters that can be used as a basis for examining the effects of recombination and 
selection on a population level, in the presence of subdivision and patch turnover.  These 
scenarios also provide a basis for the assessment of commonly used summary statistics and 
methodologies.  The ordering of these scenarios, which will be referred to in this work as 
scenarios 1-4, should ensure that the results produced will be ordered from most to least 
diverse (population 1 is likely to be the most diverse in many situations, and scenario 4 the 
least).  
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Figure 2.7. Simulated results produced using a modified version of Slatkin's Model II, adapted for multilocus 
haploids.  Population is composed of 125,000 patches of 20 individuals with a per locus per capita mutation 
probability of 1x10-6 2.4.2.1.1 Isolation 
One of the key concepts in the scenarios is the idea of isolation between patches. The effect 
of barriers to gene flow within the population – as a result of patch boundaries – is important 
to understand in the context of many bacterial species, not just pathogens.  Within this work, 
the effects of between patch movement of individuals will have a major effect on the 
populations that are produced by simulation. In this work, where a population has low rates 
of migration, its constituent patches are referred to as isolated.   
2.4.2.2 Mutation and Recombination 
The scenarios for examining the effects of migration and patch turnover define parameters for 
only two of the parameters of interest.  Parameters to enable comparison between the models 
can also be defined for recombination and mutation. In this case choosing parameters can be 
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based directly upon results from studies that have sought to define the rates of recombination 
and mutation within bacterial populations.  To pick the parameters that will be used in the 
model, the concept of scaled rates of mutation and recombination are used.  These concepts 
are defined in [1] for bacteria with recombination and enable the capturing of the features of a 
larger population in a smaller model.  They are used in [70, 98] to simulate realistic 
populations and in [1] to describe the rates of mutation and recombination in bacterial 
populations. The scaled rates of mutation and recombination are given in [1] as 
𝑇𝑇𝑃𝑃𝑃𝑃𝑇𝑇𝑁𝑁𝑖𝑖 𝑁𝑁𝑃𝑃𝑃𝑃𝑁𝑁 𝑜𝑜𝑜𝑜 𝑁𝑁𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃𝑊𝑊𝑜𝑜𝑖𝑖 =  2 ∗ 𝑃𝑃ℎ𝑁𝑁 𝑖𝑖𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑊𝑊𝑖𝑖𝑖𝑖𝑊𝑊𝑖𝑖𝑊𝑊𝑖𝑖𝑁𝑁𝑃𝑃𝑇𝑇𝑒𝑒 𝑊𝑊𝑖𝑖 𝑃𝑃ℎ𝑁𝑁 𝑇𝑇𝑜𝑜𝑇𝑇𝑁𝑁𝑇𝑇𝑃𝑃𝑃𝑃𝑊𝑊𝑜𝑜𝑖𝑖 ∗
𝑁𝑁𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃𝑊𝑊𝑜𝑜𝑖𝑖 𝑁𝑁𝑃𝑃𝑃𝑃𝑁𝑁  
𝑇𝑇𝑃𝑃𝑃𝑃𝑇𝑇𝑁𝑁𝑖𝑖 𝑁𝑁𝑃𝑃𝑃𝑃𝑁𝑁 𝑜𝑜𝑜𝑜 𝑁𝑁𝑁𝑁𝑃𝑃𝑜𝑜𝑁𝑁𝑁𝑁𝑊𝑊𝑖𝑖𝑃𝑃𝑃𝑃𝑊𝑊𝑜𝑜𝑖𝑖 =  2 ∗ 𝑃𝑃ℎ𝑁𝑁 𝑖𝑖𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑊𝑊𝑖𝑖𝑖𝑖𝑊𝑊𝑖𝑖𝑊𝑊𝑖𝑖𝑁𝑁𝑃𝑃𝑇𝑇𝑒𝑒 𝑊𝑊𝑖𝑖 𝑃𝑃ℎ𝑁𝑁 𝑇𝑇𝑜𝑜𝑇𝑇𝑁𝑁𝑇𝑇𝑃𝑃𝑃𝑃𝑊𝑊𝑜𝑜𝑖𝑖 ∗
𝑁𝑁𝑁𝑁𝑃𝑃𝑜𝑜𝑁𝑁𝑁𝑁𝑊𝑊𝑖𝑖𝑃𝑃𝑃𝑃𝑊𝑊𝑜𝑜𝑖𝑖 𝑁𝑁𝑃𝑃𝑃𝑃𝑁𝑁  
Using these two equations, I calculate the per-colony, per locus mutation and recombination 
probabilities which will be used in the simulations presented here. The scaled rates of 
recombination and mutation have been considered for the sort of bacteria that I am most 
interested in, namely, bacterial pathogens covered by the MLST databases.  The values 
obtained in [1] are outlined in Table 2.3.   
Species Scaled rate of mutation Scaled rate of 
Recombination 
Scaled rate of 
recombination/scaled 
rate of mutation 
S. pneumoniae 5.3 17.3 3.3 
N. meningitidis 10.2 13.6 1.3 
S. aureus 5.6 0.98 0.57 
Table 2.3. Estimated scaled rates of mutation and recombination as obtained by the neutral microepidemic 
model in [1] 
These provide an indication for realistic scaled mutation and recombination rates that can be 
used in the simulations.  Within this work a scaled rate of mutation of 5 is used, which in a 
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population of 25,000 individuals equates to a per generation, per locus mutation probability 
of 0.0001.  This scaled rate of mutation is around the same value as obtained in [1] and 
similar to [70] where a scaled rate of mutation of 3 was used, and in [98] where a scaled rate 
of mutation of 2 was used.   In addition to the individual values, the ratio of the scaled rates 
of recombination and mutation has been identified as significant in previous work. This ratio 
is important as it relates to the balance in levels of diversity generated by these two processes.  
This balance has also been shown to be potentially important in terms of bacterial speciation 
[90].  As such, these previous studies provide a basis for defining a set of biologically 
interesting (and sensible) values that can be used to explore the effects of recombination and 
mutation with the model.  In this work, the results will be presented with reference to three 
ratios of mutation to recombination, intended to capture the dynamics of populations that are 
predominantly diversifying by the action of mutation, diversifying with equal numbers of 
mutation and recombination events [90], and diversifying with a large amount of gene 
transfer. 
Although the clonal model of bacterial evolution is now widely accepted to be incorrect for 
many species, there are several species that are clonal and show low rates of recombination.  
One of the most medically significant of these is Staphylococcus aureus. Estimates of the 
ratio of recombination to mutation in this species suggest that mutation is 10 times more 
likely on a per locus level than recombination [1].  This value should provide an effective 
baseline to compare the effects of increasing recombination in the scenarios defined for patch 
turnover and inter-patch migration.  At this value, most of the generation of diversity within 
the population will be from mutation.   
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Neisseria meningitidis and Streptococcus pneumoniae are commensals of humans, as well as 
being globally significant causes of disease.  They are recombinogenic, and have been 
identified as being around the threshold of what has previous been described the threshold to 
being a ‘fully sexual’ population [90].  The ratio of recombination to mutation in these 
species has been identified around1:1 (1.3:1 in the case of N. meningitidis and 3.3:1 in the 
case of S. pneumoniae), as such at an allelic level the observed diversity is generated close to 
equally by both mutation and recombination.  This provides a second point of comparison at 
an intermediate level of recombination.  
The final ratio of recombination to mutation that will be used is selected to provide a high 
rate of recombination which is reflective of populations of bacteria such as Enterococcus 
faecium and Burkholderia pseudomallei for whom recombination is very frequent.    In these 
individuals, most of the diversity observed at the sequence type level is due to the action of 
recombination.  The final ratios of scaled recombination and mutation used here are therefore 
1:10, 1:1 and 10:1, to capture clonal, threshold and sexual populations respectively.  Using a 
scaled rate of mutation of 5, this means the scaled rates of recombination which will be 
considered are 0.5, 5 and 50.  This translates to per locus recombination probabilities of 
0.00001, 0.0001 and 0.001 per generation, per individual for a population of 25,000 
individuals.  
2.4.2.3 Model Runtimes 
To produce the results used in this work, for each parameter combination the model is run for 
10Nn generations, where N is the patch size and n is the number of patches to ensure that it 
has reached equilibrium. This period of time is highly conservative, as testing showed that 
equilibrium was reached within 1Nn generations in testing. However, as there are a large 
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number of runs being performed for each sample dataset, I chose to use a very long period for 
each population to equilibrate to avoid the need to check to ensure the population is at 
equilibrium.  Initially the model contains a population composed of individuals which are 
identical, and these individuals will diverge over time, under the effects of mutation and 
recombination until equilibrium is reached. The samples for the results are then produced by 
examining populations every 2Nn generations, from the 10Nnth generation.  For the 
simulations which were used to produce sequence data, each sample was the result of a 
separate simulation, to ensure that the each of the samples containing sequence examined was 
completely independent.    
2.4.3 Output Statistics and Populations 
A large number of statistics have been proposed for the purpose of summarising genetic 
diversity within populations.  Although the model can produce a real population, outputting 
these populations in useable form is costly in terms of disk space and computational time.  
The advantage of this is that populations can then be analysed using software packages such 
as START [99], which can perform a number of tasks to generate summary statistics from the 
data. However, these packages are not designed to process populations in bulk, and as a result 
using such an approach to generate statistics would be tedious.  As such, the model is 
designed to output a set of summary statistics that can then be used for displaying results.  
These are; 
• Homozygosity (total, within patch and between patch) 
• The allelic mismatch distribution and nearest neighbour distribution as described in 
[1] 
• The index of association (IA) as described in [10] 
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• Gst as described in [9] 
These statistics, chosen for their wide use and/or applicability to the populations considered 
should provide the necessary tools for addressing many of the questions of interest within this 
work. 
In circumstances where an alternate statistic is required, the model can output populations 
containing; 
• Genotypes (whole population, or one example of each unique sequence type or allelic 
profile) 
• Sequence (whole population, or the sequence for each unique sequence type, 
delimited by locus) 
These can then be read into appropriate analysis programmes for the generation of other 
statistics of interest.   
In addition, the model implements a set of sub sampling strategies that can be used to 
examine the effects of sampling bias on the populations produced.  
These are: 
• Sub sampling of the population (where a specified percentage of the population is 
randomly picked) 
• Sub sampling of patches (where a specified percentage of the patches in the 
population is randomly picked) 
• Temporal Sampling (where samples are taken every few generations, over a period of 
time specified when the model is run) 
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In all cases the sub sampling strategies will produce the same range of statistics and output 
formats as the whole population samples.  
2.4.4 Final Model Implementation 
The model is implemented as a forward simulation with discrete non-overlapping 
generations, and has the following event order: migration (extinction taken first, followed by 
migration amongst the patches that have not become extinct that generation) followed by 
recombination and mutation. Patch quality is taken into account when extinction is 
calculated, with individual selection implemented at the point at which the individuals for the 
next generation are chosen. Each individual is modelled at several loci, and is defined by a 
genotype.  The model is outlined in Figures 2.8 and 2.9. 
 
Figure 2.8. Model schematic showing the way in which the framework operates  
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Key 
n  The number of patches 
N  The number of individuals per 
 patch 
em  The per generation probability an 
 individual will migrate 
ex  The per generation probability a 
 patch will go extinct 
m  The per generation probability 
 that a locus in an individual will 
 undergo mutation  
r The per generation probability 
 that a locus in an individual will 
 undergo recombination 
k The number of loci modelled per 
 individual 
z The selective advantage of an 
 advantageous trait 
Figure 2.9. A schematic showing the model implementation.   
(m/(n-ext))2 
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Extinction occurs first, with patches being selected to go extinct.  A list of patches to go 
extinct is created.  Patch selection is implemented so that if a patch is selected to go extinct, 
but has ‘lives’ remaining, it is not picked, and its number of ‘lives’ is de-incremented by one.  
Once the list of patches to go extinct is fully created, the patches are recolonised by 
individuals randomly selected from the remaining population. If patch quality is being 
modelled, at this point the number of lives that the newly created patches are to be given are 
calculated. Following this, migration amongst non-newly created patches can take place. As 
in the Slatkin model, migration can be to any non-new patch in the population (allowing self-
migration).  To preserve population level diversity and to keep all of the patches the same 
size, migration is handled computationally as a swap where individuals that emigrate from a 
patch are replaced by immigrants that have left other patches. Once migration is complete, 
mutation and recombination events are assigned. It is assumed that recombination and 
mutation can occur in any of the patches in the population.  There is no restriction on the 
number of mutation/recombination events that an individual can undergo in a single 
generation.  Recombination is implemented as a gene conversion event (following [100]), 
where the allele present in the donor replaces the allele present in the recipient.  When global 
recombination is used, then the donor and recipient can be located in any patch within the 
population. In the case of local recombination, the donor and recipient must both be located 
in the same patch.  Mutation is modelled as per the infinite alleles model, whereby each 
mutation is assumed to create an entirely new allele [18]. When individual selection is used, 
at this point an individual can gain an advantageous trait, with a predefined probability. This 
advantageous trait can be shared with others via recombination. As the population modelled 
has non-overlapping generations, once each generation, the next generation is picked.  This is 
achieved by sampling the population with replacement at the start of each new generation.  
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Individual selection operates at this point. In the case of local selection, any selective sweeps 
that generation are assigned to patches at random.  This results in the replacement of all other 
diversity within a patch by the individual selected to undergo the sweep. For global selection, 
the possession of an advantage directly affects an individual’s reproductive fitness.  When the 
population is resampled, if the individual has an advantage, this increases the chances that the 
individual will be included in the next generation. Once resampling is complete, the process 
repeats itself.   
2.5 Conclusion 
The framework outlined here provides a system by which the concepts from several 
previously proposed models can be examined and compared directly.  The framework 
provides a basis for the consideration of the population-wide consequences of the parameters 
of interest, and the effects of their interactions.  The framework also enables the examination 
of the applicability of several widely used statistics to bacterial populations.  The ability to 
produce sequence data also allows the model to be used to examine molecular methods that 
are employed to examine bacterial datasets, and assess the level of support these methods can 
provide to various population genetic hypotheses.  
In the following sections, I use the model framework to assess a number of issues, in each 
case using the four different scenarios and the different ratios of recombination to mutation. 
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3 Chapter 3 Recombination and Diversity in Subdivided Bacterial 
Populations 
3.1 Introduction 
The classical neutral model of evolution was proposed over 40 years ago [19].  The neutral 
model is advantageous for biologists as it provides a testable hypothesis that can be compared 
to data.  The model has been extensively used as a null model when detecting the presence of 
selection (for example [101]), but there are also many cases where the model fits well to 
observed data [20].  The use of the classical model is, however, limited.  Because the 
classical model is relatively simple, it does not take into account variables that can have a 
large effect on the evolution of a population. As discussed previously, the neutral model has 
been improved with the additions of population subdivision [23, 26, 93] and bacterial 
recombination [102] – although these have not been considered together within the same 
model.  The classical single patch model has also been extended to account for the effect of 
microepidemic structure in recombining bacterial pathogen populations [1].  Microepidemics 
represent a special case and in the past their consequences have not been considered directly.  
As discussed previously, the main difference between microepidemic population structure 
and the more general models used in the past to model populations is the presence of a 
transmission bottleneck at the establishment of each microepidemic. In this chapter I aim to 
explore how recombination scales in a population composed of microepidemics, when 
individuals are evolving by neutrality alone.  I make use of the model framework described in 
the previous chapter to examine the effects of patch size, inter-patch migration and patch 
turnover on population diversity.  Using the simulated populations, I consider the 
consequences of local versus global recombination on bacterial populations and how 
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recombination contributes to the production of diversity.  In addition I highlight the potential 
divergence from classical neutral predictions, and the patterns that appear in the populations 
produced. 
Over the course of the next two chapters I examine these questions making use of the statistic 
of homozygosity.  This statistic is the probability that two individuals, picked at random from 
the population, are identical at the loci that are examined.  I make use of homozygosity 
because it is one of the fundamental descriptive statistics used in population genetics.  It is 
used both on its own and within other statistics that are used to examine populations.  
Homozygosity has been used to describe the diversity in a population [1],  as part of test 
statistics [7,9] to calculate the effective population size of a population [103] and is also used 
to summarise simulated populations [102].  In addition, in the context of this work, it is also 
an important statistic as it is the output statistic produced by the classical neutral model [19], 
the Slatkin model [42] and the neutral microepidemic model [1].   
3.2 Results 
The effects of the processes examined here are presented in the context of the four scenarios 
described in the previous chapter.  The scenarios are summarised in Table 3.1. 
Scenario Description Parameters Example organism 
Scenario 1 This scenario simulates very isolated 
populations.  It has a low rate of inter-
patch migration and a low rate of patch 
turnover 
Low Migration (0.001) 
Low Turnover (0.001) 
Helicobacter pylori 
Scenario 2 This scenario simulates long lived 
populations that have frequent between 
patch migration. 
High Migration (0.1) 
Low Turnover (0.001) 
Staphylococcus 
aureus 
Scenario 3 This scenario simulates populations that 
have a high rate of patch turnover and a 
high migration rate 
High Migration (0.1) 
High Turnover (0.1) 
Yersinia pestis 
Scenario 4 This scenario simulates isolated 
populations with a low rate of migration 
and a high rate of patch turnover 
Low Migration (0.001) 
High Turnover (0.1) 
Neisseria meningitidis 
Table 3.1. The four scenarios used to examine the behavior of the model under neutral dynamics. 
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3.2.1 Local Recombination 
Initially, I selected a patch size of 20.  This is to represent a patch with a similar size to a day-
care centre – which has been identified as one location where microepidemics are found 
[104].   I used a per locus, per generation mutation probability of 0.0001, which, when the 
population size is taken into account, produces a scaled rate of mutation of 5 (based on the 
classical equations from [19]).  This is comparable to mutation rate estimates of bacterial 
populations in published works [1] and similar to the parameters used in other work 
modelling populations [70]. Using the scenarios and a range of per locus recombination 
probabilities calculated from the set of recombination to mutation ratios (referred to as r/m on 
graphs and in graph legends) defined previously, this allowed me to examine the effect of 
recombination in a population composed of small microepidemics.  The results show that 
irrespective of the rate of recombination, patch dynamics have a large effect on the 
homozygosities (i.e. diversity) observed in a population (Figure 3.1). 
Comparing the results between the scenarios, the largest variation between scenarios is 
between the two low migration scenarios, 1 and 4.   This is true for all of the recombination 
to mutation ratios considered.  The presence of a high rate of patch turnover in scenario 4 
results in a difference in median homozygosity when compared with the results in scenario 1 
of 0.0945, 0.0967 and 0.0895 for recombination to mutation ratios of 0.1, 1 and 10 
respectively.  Examining the effects of different recombination to mutation ratios shows that 
only in the presence of frequent migration does recombination have a noticeable effect on the 
homozygosity of a population.  The high migration scenarios, 2 and 3, both show a large 
change in median homozygosities as the recombination to mutation ratio is increased.  The 
largest proportional variation is present in scenario 2 (where the median homozygosity 
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Figure 3.1. Box plots showing the range of homozygosities produced for 250 realizations of the model using 
populations of 1250 patches of 20 individuals with 7 loci.  Boxes represent the 1st-2nd (red) and 2nd-3rd (blue) quartiles. 
Loci modelled with a per locus, per generation mutation probability of 0.0001, and a recombination/mutation ratio of 
0.1, 1 and 10. A, B and C on the y axis are the classical expectations for a neutral model with recombination using the 
same mutation rate and a r/m of 0.1, 1 and 10 respecitively. 
for a recombination to mutation ratio of 10 is less than a sixth of the median homozygosity 
for a recombination to mutation ratio of 0.1 in that scenario).  In scenario 3 the median 
homozygosity for a recombination to mutation ratio of 10 is less than one third of the median 
homozygosity recorded for a recombination to mutation ratio of 0.1.   In three of the four 
scenarios, the results produced show a significant divergence from the neutral expectation (as 
calculated using the equations given in [1]).  The results from scenario 2 are the closest to 
neutrality of any of the simulations, because in this scenario the high rate of migration and 
low rate of turnover results in a population where subdivision has a much reduced effect.  In 
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all of the other cases the populations produce very different homozygosities to those 
predicted using a classical single patch neutral infinite alleles model with recombination (as 
described in [1]) (Figure 3.2).  
 
Figure 3.2. Box plots showing the observed homozygosity recorded for each of the 250 realizations of the model 
divided by the expected homozygosity, as per the neutral model with recombination.  Each realization is produced 
from a population of 1250 patches of 20 individuals with 7 loci. Individuals evolve under mutation and recombination 
with a  per locus, per generation mutation probability of 0.0001. 
Compared with neutrality, the largest variations due to patch dynamics are present in the two 
scenarios with the least inter-patch migration, scenario 1 and scenario 4.  In Scenario 1, at the 
lowest recombination to mutation ratio considered, the observed median homozygosity is 
almost tenth of the expected (0.002803) compared to the predicted (neutral) value (0.0258).  
As the recombination rate is increased this difference is lessened, with a recombination to 
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mutation ratio of 1 producing populations that have a homozygosity approaching one sixth of 
the homozygosity that would be expected.  The recombination to mutation ratio of 10 
produces a homozygosity that is closer - approximately 1.5 times smaller than neutral 
predictions.  In the case of scenario 4, this pattern is reversed.  In this case, on average, a 
recombination to mutation ratio of 0.1 gives populations that have homozygosities 
approaching 4 times larger than those expected under neutrality, with a recombination to 
mutation ratio of 1 producing homozygosities approximately 6 times larger than expected.  
The effect of subdivision is most pronounced at the highest rate of recombination, where the 
recombination to mutation ratio is equal to 10.  In this case (scenario 4), the median 
homozygosity produced is 29 times larger than those predicted by neutrality.  These patterns 
of variation from neutral expectations between the scenarios suggest that recombination and 
mutation scale differently in this model depending on the migration and extinction 
parameters.  
3.2.1.1 Degree of Population Subdivision and Local Recombination 
The results above were produced using a patch size of 20. While this patch size is likely to be 
appropriate for comparison with a day-care centre, hospital ward or similar localised 
association of hosts, patch sizes could also be expected to be larger in some circumstances.  
The size of patches – and therefore the extent of subdivision – within a bacterial species 
could vary greatly depending on factors such as the transmissibility of a pathogen, the mode 
of transmission or the behaviour of the host.  An example of scenarios where patch sizes may 
be larger includes those that would be expected in a refugee camp [105] or on a cruise liner 
[106].  The larger patch size in these situations is as a result of the opportunities for 
transmission and use of communal facilities by hosts.  I would expect the increased patch size 
to have two distinct effects. Firstly it will increase the size of the population expansion when 
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a patch is infected – this means that the colonising genotype will increase in frequency in the 
population by more when patches are larger. This will decrease population level diversity.  
Secondly, the larger patch size will decrease the prevalence of patches with only one 
genotype present.  This should have the effect of increasing the impact of recombination in 
scenarios that are isolated due to its increased ability to generate novel genotypes. To 
investigate the effects of patch size, I repeated the simulations performed previously, using a 
patch size of 200, as opposed to 20.  Keeping the total population size the same (in order to 
use the same per locus rate of mutation), these populations are composed of 125 patches. 
 
Figure 3.3. Box plots showing the range of values produced from 250 realizations of the model with 125 patches 
of 200 individuals.  A per locus mutation probability of 0.0001 was used, with r/m's of 0.1, 1 and 10.  The results 
expected under a classical neutral model are indicated by the arrows A, B and C for r/ms of 0.1, 1 and 10 
respectively.  The red region represents the 1st-2nd quartile and the blue region represents the 2nd-3rd quartile. 
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Figure 3.3 demonstrates the impact of dividing the population into fewer, larger patches (125 
patches of 200) on the homozygosity of the simulated populations.  These results are 
consistent if the number of patches are increased, as long as mutation is scaled with the 
number of patches (Appendix Figure 4).   Similarly to the case where a patch size of 20 is 
used (shown in Figure 3.1), scenario 2 is where recombination has its largest effect.  The 
median homozygosity recorded in scenario 2 for a recombination to mutation ratio of 10 was 
less than one seventh of the median homozygosity recorded when a recombination to 
mutation ratio of 0.1 was used (0.028931 compared with 0.00392).  Also, as occurred with a 
patch size of 20, there is little variation between the median homozygosities recorded in 
scenario 4 - recombination has little effect in this scenario, even when the patch size is 
increased.  In contrast with scenarios 2 and 4, the results produced in scenarios 1 and 3 show 
a different pattern to the results produced with small patch sizes. In the most isolated 
scenario, scenario 1, the high recombination rate now has a discernable effect on the 
population level diversity. With the larger patch size, where before there was very little 
difference between a recombination to mutation ratio of 0.1 and 10 (producing median 
homozygosities of 0.002803when the recombination to mutation ratio is 0.1 compared with 
0.00217 when the recombination to mutation ratio is 10) the same difference in 
recombination rate, along with a larger patch size, produces a median homozygosity that is 
more than halved when the recombination to mutation ratio is equal to 10 (0.01877, 
compared with 0.008281).   
Contrasting these results with the population composed of smaller patches, there is one major 
difference between all of the parameter combinations used - populations subdivided into 
fewer, larger patches result in significantly less diverse populations when compared like for 
like with the populations composed of more, smaller patches. Statistically significant 
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differences were detected for every parameter combination used, both in terms of the 
difference in the medians recorded (assessed by a Mann-Whitney U test) and in terms of the 
distribution of population homozygosities produced by the simulation (assessed by a 
Kolmogorov-Smirnov test).  The scale of the differences in the results is illustrated by 
comparing the results from the two sets of simulations.  To do this I used a form of 
bootstrapping by taking 1,000 randomly selected pairs of results from the patch size 20 and 
patch size 200 datasets, for each parameter set.  I then used these pairs to calculate the 
Homozygosity (for a patch size of 200) divided by the Homozygosity (for a patch size of 20).  
This gives me a dataset of 1000 values for each parameter combination, providing an 
indication of confidence when visualised using a box plot. 
 
Figure 3.4. Showing the observed over expected homozygosity for a patch size of 200 versus a patch size of 20.  
The range of values on the graph is produced by a form of bootstrapping.  This is achieved by randomly picking 1000 
pairs of simulation results, with replacement, for each parameter combination. This provides a 1000 data points that 
are then used to create the box plots. Black diamonds represent the results when the median’s present in figures 3.1 
and 3.3 are used. 
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When this is done (Figure 3.4), Scenario 2 shows the least difference with the median 
homozygosities recorded with patches of 200 being 1.3 to 1.5 times larger than those found 
when a patch size of 20 is used.  In all other cases the subdivision of the population into 
fewer, larger patches has produced populations that have median homozygosities greater than 
3 times larger than were found when a patch size of 20 was used.  The effect of the 
combination of larger patch size and a high turnover rate in scenario 3 on the effect of 
recombination is particularly striking  - the median homozygosity recorded with a patch size 
of 200 for an recombination to mutation ratio of 10 is over 11 times larger than that recorded 
when patch sizes of 20 are used. 
3.2.2 Global Recombination 
The results considered so far have been produced using recombination that is local – that is to 
say, both the donor and recipient are located in the same patch.  While this arrangement is the 
likely to be a good fit for many bacterial pathogens, global recombination (where the donor 
and recipient can be located in any patch), although most probably much less realistic than 
local recombination, has been used in models in the past in models that have been applied to 
bacterial populations [74].  Global recombination is more similar than local recombination to 
the type of free recombination present in single patch neutral models. It therefore provides 
both a point of comparison with local recombination, and an indication of the level of error 
which could be present when global recombination is used to model bacterial species where 
the mode of recombination is largely local.  Using the global recombination feature of the 
model, I examined the effect of changes in recombination rate and patch dynamics in 
populations where recombination involved any randomly selected donor rather than one 
located within the same patch (global recombination). The results are shown in Figure 3.5. 
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Figure 3.5.Box plots showing the range of results produced by populations simulated with global recombination.  
Simulated populations consist of 1250 patches of 20 individuals.  Per locus mutation probability is 0.0001 per 
generation, with r/m's of 0.1, 1 and 10. Box plots show the range of values, with the 2nd (red) and 3rd (blue) quartiles 
indicated on the graph.  Mutation is constant at a per locus, per generation probability of  0.0001, equivalent to a 
scaled rate of recombination of 5 in classical neutral theory. 
In comparison with the populations produced with local recombination, the effect of global 
recombination in the two isolated scenarios (1 and 4) is particularly marked.  The results also 
show some change in the two scenarios with higher inter-patch migration (2 and 3).  In the 
case of the isolated scenarios (1 and 4), the homozygosities produced with a recombination to 
mutation ratio of 0.1 remain similar between the global and local results (median values of 
0.002608 and 0.002803 for scenario 1 and 0.093394 and 0.097265 for scenario 4, and global 
and local respectively).  However, as recombination rates are increased, the populations 
become much more diverse (median values of 0.000734 against 0.00217 and 0.021159 
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against 0.091624 for a recombination to mutation ratio of 10 in scenarios 1 and 4 in global 
and local populations respectively).  In the case of the high migration scenarios (2 and 3) a 
similar pattern is observed to that with local recombination.  When recombination is low, 
there is no statistically significant difference between the simulations with local and global 
recombination for either of the scenarios in terms of their median (tested by Mann-Whitney 
U) or distribution (tested by a Kolmogorov-Smirnov test).  At higher rates of migration, there 
is a statistically significant difference when the results are compared to those with local 
recombination.  However, these differences are more modest compared with the differences 
observed in scenarios 1 and 4 (Figure 3.6).
 
Figure 3.6. Demonstrating the effect of global versus local recombination on population homozygosity, for a 
patch size of 20.  The range of values on the graph is produced by a form of bootstrapping.  This is achieved by 
randomly picking 1000 pairs of simulation results, with replacement, for each parameter combination. This provides 
a 1000 data points that are then used to create the box plots. 
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3.2.3 Scaling of Recombination 
The results have shown the range of possible homozygosities that can be obtained by varying 
migration and turnover rates.  These results have so far considered the joint effect of 
subdivision and recombination.  In order to examine just the effect of recombination over the 
scenarios considered, I made use of model 2 proposed by Slatkin [42].  Using the Slatkin 
model, modified for a haploid population with multiple loci, I produced an expected 
homozygosity for each of the combinations of the parameters used. Because it is a 
deterministic model the Slatkin model will only ever provide the same homozygosity for a 
given parameter combination, this provides an  ‘expected’ value with which the model results 
can be contrasted. These results provide expectations of homozygosity in the absence of 
recombination (so the results are the results produced by mutation alone), taking into account 
migration and patch turnover.  The effects of local recombination with patches of 20 is shown 
in Figure 3.7. The results reflect the observations that when recombination is local its greatest 
effect is in the high migration scenarios (2 and 3).  In the isolated scenarios (1 and 4) 
recombination has a far more limited effect - with a recombination to mutation ratio of 10 
producing median homozygosities equal to approximately 75% of what would be expected 
without recombination in scenario 1 and 86% of what would be expected without 
recombination in scenario 4.   
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Figure 3.7.Box plots showing the effect of local recombination compared with the expectations of the Slatkin model 
(no recombination). 250 populations of 1250 patches of 20 individuals were simulated using a per locus mutation 
probability of 0.0001, and r/ms of 0.1, 1 and 10.  The Slatkin model was run using the same parameters as the 
simulation.  The boxes show the 1st-2nd (red) and 2nd-3rd (blue) quartiles.   
The effect of the introduction of global recombination into the population with small patches 
is very pronounced.  In all cases the results produced with global recombination show a larger 
effect for recombination, compared with when local recombination is used.  In many cases, 
global recombination produces populations that are most different from local recombination 
populations when those populations are isolated (scenarios 1 and 4).  The median 
homozygosity recorded for global recombination in scenarios 1 and 4 at the highest 
recombination to mutation ratio is approximately 25% and 20% of the results expected from 
the Slatkin model, for scenarios 1 and 4 respectively. The introduction of global 
recombination in place of local in the population with larger patch sizes also increases the 
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effect of recombination in all but two of the parameter combinations (Figure 3.8). The 
exceptions are both at a recombination to mutation ratio of 0.1 and are from scenarios 2 and 
3.  In these cases global recombination produces a marginally less diverse median 
homozygosity than local recombination for these populations (0.0298 compared with 0.0289 
and 0.425 compared with 0.418 in scenarios 2 and 3 respectively).   
Figure 3.8. Box plots showing the effect of global recombination compared with the expectations of the Slatkin model. 
250 Populations of 1250 patches of 20 individuals were simulated using a per locus mutation probability of 0.0001, 
and r/ms of 0.1, 1 and 10.  The Slatkin model was run using the same parameters as the simulated populations, to 
provide a comparison that focuses only on the effect of recombination. The red and blue boxes represent the 2nd and 
3rd quartiles respectively. 
O
bs
er
ve
d 
/ 
Ex
pe
ct
ed
 
98 
 
3.3 Discussion 
3.3.1 Local Recombination 
The local recombination results demonstrate that the effects of turnover and migration can 
collectively have a greater than an order of magnitude effect on the homozygosity of a 
population. The results highlight that in several situations the effect of recombination is 
attenuated by the combination of patch turnover and isolation. In other circumstances 
recombination has a more pronounced effect. Local recombination has its most pronounced 
effects where turnover is low and migration rate is high.  The results also indicate that in 
addition to patch turnover and between patch migration, the size of patches can have a large 
effect on the observed levels of diversity within the population.    
3.3.1.1 Effects of Recombination 
In terms of the effects of recombination, the primary limiting factor within the populations 
simulated with local recombination is the likelihood that a recombination event produces a 
new genotype.  Within populations where there is more inter-patch migration (such as 
scenarios 2 and 3) we would expect that these populations will contain more mixed patches, 
in terms of the genotypes present, when compared with the isolated populations (scenarios 1 
and 4).  This is because the relatively high rates of inter-patch migration in these scenarios 
will act to continuously disseminate genotypes amongst many different patches.  The result of 
migration will therefore be more mixed patches within the population (i.e. more distinct 
genotypes will be present in each patch on average). This is important in terms of the results 
here as the more mixed patches there are, the more likely that a recombination event will 
generate a new genotype.  In populations with low inter-patch migration, patches will be less 
mixed as migration is occurring rarely.  The presence of less mixed patches means that more 
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recombination events will not lead to the creation of a new genotype.  This has the effect of 
reducing the impact of recombination on diversity.  The significance of migration on a patch 
level compared to mutation for producing new diversity by recombination is obvious when 
the processes are compared.  With a per locus per generation mutation probability of 0.0001 
in a population of 25,000, with 7 loci modelled and 20 individuals per patch, there will be, on 
average, one mutation event in an individual in a patch every 71 generations.  In comparison, 
with a migration rate of 0.1, there would have been 142 migration events involving that patch 
in the same time.  Some of these events will, most probably, bring in genotypes that are 
already present in the patch.  However, many of the migration events will bring in different 
genotypes - that will do more to create a diverse patch than mutation.  Therefore in the 
context of these populations, while mutation is required for the production of de novo 
diversity, the creation of mixed patches is required in order for local recombination to have 
its maximum effect – and that is dependent, to a large extent, on migration.   
The result of the lack of mixed patches in scenarios 1 and 4 is that different rates of 
recombination have similar high homozygosities. In fact, in many cases the patches present in 
scenario 1 and 4 are actually homogenous – that is to say there is only one genotype present 
in the patch.  The presence of homogeneity is likely to be an issue for many real world 
populations.   
3.3.1.1.1 Patch Size Effects 
One factor that reduces the level of homogeneity in a population is increased patch size.  The 
use of larger patch sizes results in two distinct changes to the model’s results.  Firstly, in 
general, subdividing the population into fewer patches results in a reduction in the overall 
diversity of the population. In the case of scenario 3 the increased patch size also reduced the 
100 
 
effect of recombination.  This result (and the reduction in overall diversity observed when the 
larger patch size results are compared with the small patch size results) is due to the effect of 
the transmission bottlenecks. At each colonising event there is a bottleneck followed by an 
expansion.  Increasing the size of patches increases the size of that expansion.   As the 
patches are colonised by a single genotype, increases in the patch size will mean that each 
colonisation event results in a larger change in frequency for the colonising genotype.  Such a 
change in frequency, on a population level, would require several colonisation events in the 
population with smaller patches. In populations with larger patches these bottlenecks 
therefore work to remove diversity more effectively in the population with larger patches. 
This results in a more homogenous population. The highly globally similar population then 
works to reduce the effect of recombination, in the case of scenario 3, to the point where the 
loss of diversity from the bottlenecks is sufficient that most migration events will result in the 
import of individuals with the same sequence type.  This renders most patches homogeneous  
(or close to it) - where in the small patch size population this wasn’t the case when migration 
was high.   
In the populations where the effect of the bottlenecks is less – scenarios 1 and 2 - patch size 
still has an effect.  In comparison with the small patch populations, the effect of 
recombination is proportionally greater in populations subdivided into fewer, larger patches 
as the greater patch size reduces the prevalence of monoclonal patches.  This means that more 
recombination events will produce new sequence types, and therefore the effect of 
recombination is greater in these populations. The isolated population with fewer larger 
patches remains less diverse compared with the population containing smaller patches, 
however, as this increase in the effect of recombination does not counteract the effect of the 
bottlenecks associated with turnover.   Increased patch size, for the same scaled mutation and 
101 
 
recombination rate therefore increases the effect of recombination; however, overall 
populations produced with having fewer, larger patches reduces overall population diversity 
compared with populations containing more, smaller patches.   
3.3.1.1.2 Patch Diversity 
One of the key characteristics of the populations produced by the model – and a major 
determinant of the effect of recombination – is the reduction of diversity associated with 
patches that are isolated from the rest of the population.  In many cases this results in a 
situation where one genotype dominates a patch.  This homogeneity is an important feature of 
the model, and results from patch boundaries acting as barriers to gene flow. The presence of 
homogeneity in many patches limits the ability of local recombination to produce new 
genotypes.  In the case of the isolated populations (scenarios 1 and 4), these are 
homogeneous.  For example, if the populations produced by scenario 1 are examined for the 
numbers of genotypes per patch, it is immediately obvious that the population is 
predominantly composed of homogeneous patches (Figure 3.9).  This explains the patterns 
observed in the scenarios with local recombination.   
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Figure 3.9. Average number of genotypes per patch for an r/m of 1, for scenario 1.  Population composed of 1250 
patches of 20 individuals, with a per locus mutation probability of 0.0001 
In both of the scenarios with low migration rates (1 and 4), recombination has very little 
effect on the observed homozygosities.  Given that most patches in these populations are 
monoclonal (the results produced are similar for scenario 4), most recombination events will 
result in the production of no new genotypes.  As a result, large increases in recombination 
rate will result in more modest effects than would be expected from classical neutral models 
without turnover/subdivision. This is because in the classical neutral model it is assumed that 
the population is homogenously mixing, and so recombination can occur between any two 
individuals without restriction.  
In the populations produced by scenario 1, the presence of homogeneity combined with low 
rates of extinction results in a situation where in addition to patches being homogeneous, 
genotypes very rarely colonise more than one patch.  Because between patch homozygosity 
(that is to say, the probability of picking two identical individuals from different patches) is 
close to 0, as almost all genotypes are found only in one patch.  If a patch is monoclonal, it’s 
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within-patch homozygosity (the probability of two identical from the same patch being 
identical) will be equal to 1, and so in a population that is monoclonal and where genotypes 
rarely leave their patch to colonise others, the expected homozygosity will be in the region of 
1
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑜𝑜𝑜𝑜𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ℎ𝑁𝑁𝑒𝑒
. 
 The presence of higher rates of mutation, and in some cases recombination, will reduce the 
fraction of monoclonal patches in the population. This will reduce the population-level within 
patch homozygosity, increasing overall diversity. However, once a population is 
predominantly monoclonal, the effects of mutation and recombination are relatively small.  
When migration is increased the results produced are markedly different. The results from 
scenario 2 are shown in figure 3.10.  
 
Figure 3.10.Average number of genotypes per patch for an r/m of 1, for Scenario 2.  Population composed of 
1250 patches of 20 individuals, with a per locus mutation probability of 0.0001 
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The presence of a high rate of migration ensures that almost all patches are composed of a 
mixture of genotypes, meaning that many more of the recombination events occurring will 
result in the production of a new genotype.  This helps to maximise the effect of 
recombination, and as a result the diversities obtained for scenario 2 are more similar to those 
that would be expected based on the classical neutral expectations. Scenario 3 produces 
results that are less similar to neutral expectations.  This is due to the effect of patch turnover.  
However, scenario 3 retains a similar pattern of results to those predicted by neutrality, and 
increasing the recombination rate produces a discernable change in diversity.  Were it not for 
the presence of mixed patches in this population, this would not be the case.  Similar patterns 
are observed when patch size is increased, with low migration resulting in fewer genotypes 
per patch than simulations with high migration rates.  The level of within-patch diversity 
therefore has several significant implications for bacterial populations, due to its effects on 
recombination.  
3.3.1.2 Effects of Turnover 
In general, the populations with a higher rate of patch extinction are less diverse than those 
with a low rate of patch turnover.  This is unsurprising as the frequent extinction events 
remove much of the new diversity created by mutation.  This process favours the eventual 
dominance of the population by relatively few genotypes.  The mechanisms that have 
produced the low diversity populations are important to understand as the low diversities 
observed, were they observed in real world populations, could also be typical of the effects 
expected in a population having undergone regular selective sweeps.  In these populations, 
however, the ‘stochastic sweeps’ that have resulted in the dominance of relatively few 
genotypes in the low diversity populations are due to random chance, not selection.   This 
feature of the model has potentially serious implications for the use of ‘the neutral model’ as 
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a null model – especially in populations where similar dynamics may be at work, such as 
pathogens, where high rates of patch extinction would be consistent with patterns of 
transmission and recovery associated with ‘microepidemics’.  These results also imply that in 
the natural world the observed rates of mutation and recombination may be very much lower 
than the true value.  This would not only call into question the applicability of transformation 
experiments for estimating recombination rates, but may also have implications for the 
bacterial populations themselves.  In many areas human behaviour could alter the population 
structure of bacterial populations.  The effect of medical interventions on the development of 
antimicrobial resistance is well studied, and the effects of the development of agrarian 
farming and the more recent agrarian revolution have all been linked to observed population 
characteristics.  The implication from these results is that the true population-level rates of 
mutation and recombination may be higher than has been estimated from population level 
data, and that even relatively small changes in the population structure of these organisms 
may result in very large changes in their diversity, without any need for changes to the 
organisms themselves.  
3.3.2 Global Recombination 
Once global recombination is used in place of local recombination, the results change greatly.  
The results for global recombination show clear differences in the homozygosities obtained 
for the varying rates of recombination, over all of the scenarios considered.  This is in marked 
contrast to the results produced using local recombination. The result of the introduction of 
global recombination ensures that in most cases, recombination events will feature the 
replacement of one allele with a new allele, compared to the case when only local 
recombination is used. This occurs because the chances of a recombination event occurring 
between identical alleles when the donor could be from anywhere in the population is likely 
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to be much smaller than the chances of picking an identical allele from an individual in the 
same patch. The difference observed between scenarios 1 and 2 is also interesting, as it may 
be expected that with global recombination present these two populations would have a 
similar level of diversity, as the effect of the isolation would now appear to be cancelled out 
by the introduction of global recombination.  The reason for the scenario 1 population still 
being more diverse than that of scenario 2 is that in the high migration scenario genotypes 
can become far more frequent than genotypes in the isolated population.  In the isolated 
population the maximum number of individuals carrying most genotypes is limited by the 
patch size. In the high migration scenario there is no such limitation, allowing some 
genotypes to have frequencies several times larger than the maximum possible in the isolated 
population.  This results in higher overall homozygosities in the population with high 
migration.  
The global recombination results show the large effects of demography recorded in the local 
recombination results.  They also highlight the variable effect of local recombination, and 
demonstrate the potential errors that could be introduced if the nature of the population being 
examined is not properly understood.  The results show that if recombination is global then 
through a combination of patch dynamics and recombination rate, for a given mutation rate, it 
is possible to produce homozygosities that range over two orders of magnitude, using realistic 
parameters.  The extent to which recombination is ‘local’ or ‘global’ in a population will 
most likely depend on host factors, such as the population structure of the host, and the 
opportunity for transmission and co-infection between individuals from different patches. In 
reality, most recombination events within pathogen populations are likely to be between 
genotypes that are in close, frequent contact (so are within the same ‘patch’) - with some 
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‘global’ events taking place on occasion.  These two models provide a set of boundaries by 
defining the effects of local and global recombination.   
The contrast between the local and global recombination results also emphasise the 
importance of being able to model barriers to gene flow in subdivided populations.  In the 
paper by Majewski et al [61] discussed previously, the recombination used is global.  The 
importance of both turnover and the differing effects of migration and recombination 
highlighted here were not considered by the authors and represent a possible limitation in the 
model presented.  The results considered here demonstrate the varying effects of migration 
and recombination on the production of diversity in a population.  
3.3.3 ‘Stochastic Sweeps’ and Turnover 
One of the features of the populations captured for the scenarios with high rates of turnover in 
particular (3 and 4), but also in the other populations, is the long tail in the distribution of 
homozygosities produced.  This is caused by the propensity of genotypes to stochastically 
sweep through low diversity populations.  In the low diversity populations, the number of 
genotypes does fluctuate (Figure 3.11), but aside from the case in scenario 3 where a 
recombination to mutation ratio of 10 is used, the number of genotypes present is more 
constant than might be suggested by the range of homozygosities recorded. 
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Figure 3.11. Number of genotypes recorded in the population for a population under local recombination.  
Population composed of 1250 patches of 20, with a per locus mutation probability of 0.0001 
The cause of this feature is the rapid turnover in these populations. The frequent turnover 
results in a low absolute number of genotypes in the population.  This frequent turnover also 
creates a situation where, just by stochasticity, large fluctuations in genotype frequency can 
occur in a very short time. However, the presence of rapid turnover appears to increase the 
frequency of these sweep events, resulting in a population that is characterised by low 
diversity and frequent large changes in frequency of the genotypes present within the 
population.  This is in keeping with the findings published previously [107], with the results 
here suggesting that the effect may be increased in the case of microepidemic population 
structure. In pathogen populations that may be expected to have high rates of patch turnover 
this is important as the result of these sweeps would lead to a population with very low 
diversity, that may appear similar to what would be expected as a result of recent selective 
sweeps.   
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3.3.3.1 Implications from the Divergence from Classical Neutrality 
The local recombination results suggest that where population subdivision is present, the 
effect of recombination can vary greatly.  Given that using the same rate of scaled mutation 
and recombination, the effects of subdivision can bring about a greater than one order of 
magnitude change in the recorded homozygosity of a population, there are serious questions 
as to the validity of describing neutrality as a null model or null hypothesis.  The results 
suggest that patterns such as low diversity, that are often linked to recent selective sweeps, 
can also be wholly due to simple stochastic mechanics, in the absence of selection.  In many 
populations the selectionist argument will continue to hold, but in pathogen populations in 
particular; where populations are frequently subdivided, composed of short lived patches, and 
where bottlenecks exist at transmission into those patches (to say nothing of the person-to-
person bottlenecks in transmission), the results here suggest that differentiating selection and 
neutrality will be far from trivial where MLST-like data are being considered. 
3.4 Conclusion 
When either local or global recombination are used, in isolated situations, where turnover is 
infrequent and migration is low, the population shows excess diversity relative to the neutral 
expectation.  In situations where turnover is high, the populations show excess homozygosity 
relative to the neutral expectation.  Excess homozygosity has been described before in real 
world populations, and has been linked with pathogen population structure [1]. When 
recombination is local or global the results show that changes in the rates of migration and 
patch turnover can cause a greater than order of magnitude difference in homozygosity for a 
given combination of mutation and recombination.  The results also demonstrate that local 
recombination is heavily affected by isolation and also by patch size, while global 
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recombination is not affected to the same extent.  These models also show a large divergence 
from the results expected by a simple neutral model. 
The results from the models raise several questions – while short patch life will produce high 
levels of homozygosity, is this ‘excess homozygosity’ in comparison to the results expected 
from the neutral model comparable to that described previously? In addition, what 
implications does this result have for the parameter estimates produced by the Neutral 
Microepidemic model? The results demonstrate clearly some of the traditional assumptions – 
such as viewing the population as a single patch, with a freely mixing population free from 
the effects of patch turnover – will have serious limitations when these are applied to 
pathogens whose dynamics are similar to three of the four scenarios considered here. In 
addition, these results would seem to indicate that the relationship between the scaled rates of 
mutation and recombination is going to be largely dependent upon the structure of the 
underlying population.  These characteristics call into question the concept of the ‘neutral 
model’ as a null hypothesis.  The results also suggest that simulated data based on the 
classical model will miss significant other characteristics that can have a very large effect on 
population diversity.  The results also suggest that the effect of other significant forces such 
as selection will be strongly affected by patch dynamics.  How selection will perform in these 
scenarios is a key question, and needs to be understood in order that signatures of selection – 
and simple demography – can be accurately separated in species of interest.   The divergence 
from neutrality observed in these populations also calls into question the applicability of 
traditionally used summary statistics.  In the coming chapters I will examine the effect of 
selection in these scenarios, and then consider the effectiveness of several widely used 
statistics in summarising features of bacterial populations.  
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4 Chapter 4 Selection, Subdivision and Recombination 
4.1 Background 
In the previous chapter I considered the effects of neutral population dynamics on subdivided 
populations. Natural selection provides an alternate hypothesis for explaining the observed 
diversity in the natural world. Although fitting well for many species, the neutral model is 
increasingly used as a null model for demonstrating the presence of selection [108].    Several 
theories have been proposed to describe the action, and effects, of selection in bacterial 
populations.  One body of work that provides a contrast to considering bacterial populations 
as subdivided neutral metapopulations is the concept of ecotypes in bacterial populations. 
Cohan and colleagues have presented much work formalising and expanding on this idea 
[109].  Ecotypes, in their most general sense, are groups of bacteria that share a high 
sequence similarity.  The appearance of these clusters depends on the structure of the 
population (reviewed in [63]), but they should correspond to ecological niches. The ecotype 
model contends that an ecotype is a collection of strains using the same resources.  When an 
adaptive mutant arises with a ‘local’ adaptation, this mutant will outcompete all other 
members of the ecotype. The adaptive mutant does not, however, outcompete individuals in 
other ecotypes.  This creates a cycle of periodic selective sweeps that purge diversity within 
ecotypes and, in a whole-population context, creates discrete clusters of individuals whose 
diversity is ‘transient’; such that most of it will be removed when the next sweep occurs [62]. 
The model has also been considered in the context of the evolution of adaptations that are 
globally adaptive [74]. In this case the authors conclude that global selective sweeps 
shouldn’t prevent populations from diverging into distinct ecotypes. Examples of both local 
and global selection can be seen in the real world.  A high profile example of the evolution of 
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a locally useful trait that is not useful in a global sense in bacterial populations is the presence 
of antimicrobial resistance in species such as Staphylococcus aureus [110].  Staphylococcus 
aureus is a coloniser of multiple species and only rarely causes disease [111].  In many 
environments where it is located, therefore, there is no need for antimicrobial resistance.  
However, in the hospital environment the acquisition of antimicrobial resistance shortly after 
the introduction of first penicillin [125], then methicillin [54] and later in a few cases, 
vancomycin [112] represents the acquisition of an advantage that is effective in only a subset 
of the environments where the organism is found; hence the adaptation is ‘local’.  A global 
adaptation is an adaptation that makes an organism fitter in any environment where it is 
found.  Mutations that work to improve the efficiency of processes inside the cell, such as 
those relating to codon usage bias [113], would be ‘global’ as these would make the organism 
fitter in any environment where they were found.  The effects of global and local adaptation 
within the ecotype model have been considered previously [61].  However, when originally 
considered they were not compared with the results expected from the neutral model. The 
mechanism of frequent local sweeps that purge diversity amongst a group of individuals 
sharing the same resources is also conceptually similar to the action of patch turnover, when 
the population is in a steady state. In both cases, on a population level a patch is purged of 
diversity leading to a replacement with a patch containing a homogenous group of individuals 
with the same genotype. As demonstrated previously the effects of turnover and migration 
can cause a large difference to the results produced by a simple neutral model.  Therefore, the 
effects of global and local selection may be very similar to those produced by simple turnover 
and migration. The action of these forms of selection may also be inhibited, or enhanced, 
depending on the situation, by the action of turnover and migration. This is important in the 
context of the use of neutrality as a null model, as turnover may represent a more 
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parsimonious explanation than selection for many species.  The model framework provides 
the capability to model populations that can capture some of the characteristics of ecotypes.  
By modelling global or local selection, I can reproduce the periodic selection events present 
within the ecotype model, and consider how these affect population diversity in bacterial 
populations.  In this chapter I aim to explore how local and global selection effect population 
diversity over a range of recombination rates. I will contrast the results produced by selection 
in the absence of turnover with the neutral results considered previously. I will then consider 
the effects of selection in populations with turnover, and how the results change from those 
produced by neutrality.  I will also examine the effect of the presence of a subset of the 
population being long lived patches in populations that have high rates of turnover, as a 
contrast to the mechanisms of individual selection considered here.     
4.2 Results 
4.2.1 Selection in the Absence of Turnover 
Initially I consider the effects of selection in the absence of turnover.  In order to do this I do 
not use the scenarios as defined in chapter two. Rather, I use two migration probabilities - 0.1 
and 0.001.  These are the same as the migration probabilities used in the scenarios and 
represent situations where migration is frequent (“high migration” equivalent to an individual 
migrating on average once every 10 generations) and where migration is rare (“low 
migration” equivalent to an individual migrating on average once every 1000 generations).  
These two values enable an exploration of how selection will act at extremes of migration, 
without turnover being present.  The use of these values also allows the effect of the addition 
of turnover to be directly examined later, in the context of populations under selection. 
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4.2.1.1 Local Selection 
The effects of local selection over varying ratios of recombination and mutation in the 
presence of low and high migration is shown in Figure 4.1.   
 
A 
 
B 
Figure 4.1.The effect of infrequent (A) and frequent (B) local sweep events in a population of 1250 patches of 20 
individuals with no turnover under varying r/m.  Results shown are each constructed from 250 separate runs of the 
model. ‘Infrequent’ sweep events are considered here to represent a sweep event occurring in each patch on average 
once every ~1000 generations.  ‘Frequent’ sweep events are considered here to represent a sweep event occurring in 
each patch on average once every 10 generations. 
At a low rate of migration, with both frequent and infrequent sweep events, there is a 
negligible effect from the presence of local sweeps.  Increasing the rate of sweeps appears to 
marginally reduce the diversity for the highest rate of recombination (with median 
homozygosities of 0.0014 when there are few sweeps and 0.0016 when sweeps are more 
frequent), but overall the changes due to an increased rate of sweeps are very small, when 
migration is low.   
For a high rate of migration, there is more of an effect.  The largest proportional change is 
found at the highest rate of recombination (with a change in median of 0.004 to 0.009 when 
sweeps are very frequent). In general, the results indicate that at high rates of migration the 
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presence of frequent sweeps has an effect that is similar to that produced by turnover.  
Frequent sweeps produce a pattern of results that is similar to that produced by turnover.  
However, when the local sweep results are compared with neutral simulations with turnover 
occurring at an equivalent rate (each patch turning over on average once every 10 
generations, compared with a sweep occurring in each patch on average once every 10 
generations) it is clear that even in this model - where local sweeps always succeed and occur 
with a high frequency - the effect of local selection on homozygosity is less than that of 
turnover (Figure 4.2). 
 
Figure 4.2. Bootstrap comparison between the homozygosities produced by neutral simulations for a population 
of 1250 patches of 20 individuals with a per locus mutation probability of 0.0001, a per individual migration 
probability of 0.1 and a per patch turnover probability of 0.1 divided by the homozygosity produced by a population 
featuring frequent local sweeps with a per locus mutation probability of 0.0001, a per individual migration 
probability of 0.1 and a per patch sweep probability of 0.1.  The bootstrap results are constructed from 1,000 
randomly picked pairs of results, sampled with replacement. 
These results show that the difference from neutrality is smallest where recombination is low 
(the median bootstrap result shows a neutral homozygosity that is 1.6 times larger than the 
homozygosity produced by local sweeps).  The difference in results is similar between the 
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two higher r/ms considered, representing median bootstrap homozygosities 3.1 and 2.8 times 
larger in the neutral case than the case with local sweeps, representing in all cases a less 
diverse population when neutrality with turnover is used, compared to the action of sweeps.  
4.2.1.2 Global Selection 
The results from the populations modelled under global selection are shown in Figure 4.3.   
 
            A 
 
      B 
Figure 4.3. Showing the homozygosities recorded for simulations with global selection where the per individual 
probability of migration per generation is 0.001 (low migration) or 0.1 (high migration).  A has a low selective 
advantage (0.001) conferred from the posession of an advantageous trait B has a large selective advantage (0.1) 
conferred from the posession of an advantageous trait.  The rate of ‘advantageous traits’ arising in the population is 
100 times less frequent than neutral mutation at one of the loci being examined.  This translates to one individual in 
the population gaining an advantageous trait every 20 generations on average. 
Unlike the local sweeps, as the frequency of global sweeps is increased (by increasing the 
fitness advantage) a marked difference in the results between the low and high migration 
situations is evident, over all of the r/m values considered. Increasing the size of the fitness 
advantage from 0.001 to 0.1 produces populations that are both markedly less diverse and 
spread over a wider range in all cases.  The increase in fitness advantage increases the 
frequency of selective sweeps by increasing the probability that an individual with an 
adaptive trait will successfully sweep through the population.  When the fitness advantage is 
low there will be many instances of individuals acquiring fitness advantages but failing to 
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sweep through the population.  Increasing the fitness advantage reduces the number of failed 
sweep events. When migration and the selective advantage is low, the pattern observed with 
local sweeps is repeated; recombination has a negligible effect on the observed diversities 
(the median homozygosities were 0.0017 and 0.0014 when a low advantage is used).  When 
migration is low and the fitness advantage is high, the effect is more obvious (median 
homozygosities of 0.014 and 0.0050 were recorded for r/ms of 0.1 and 10 respectively), 
although it varies over a wide range. At high migration rates, recombination has a discernable 
effect when the fitness advantage is low (median homozygosities of 0.020 and 0.0029 for 
r/ms of 0.1 and 10 respectively) but has very little effect on the homozygosity when the 
fitness advantage is high (median homozygosities of 0.71 and 0.67 for r/ms of 0.1 and 10 
respectively in the high fitness advantage simulations).  
4.2.2 Selection in the Presence of Turnover 
In the next section I make use of the scenarios defined in chapter two to explore the effects of 
turnover, selection and recombination on subdivided populations.  The scenarios are designed 
to represent a set of biologically sensible extremes that are conceptually analogous to real 
world populations.  The scenarios are summarised in table 4.1. 
Scenario Description Parameters Example organism 
Scenario 1 This scenario simulates very isolated 
populations.  It has a low rate of inter-
patch migration and a low rate of patch 
turnover 
Low Migration (0.001) 
Low Turnover (0.001) 
Helicobacter pylori 
Scenario 2 This scenario simulates long lived 
populations that have frequent between 
patch migration. 
High Migration (0.1) 
Low Turnover (0.001) 
Staphylococcus 
aureus 
Scenario 3 This scenario simulates populations that 
have a high rate of patch turnover and a 
high migration rate 
High Migration (0.1) 
High Turnover (0.1) 
Yersinia pestis 
Scenario 4 This scenario simulates isolated 
populations with a low rate of migration 
and a high rate of patch turnover 
Low Migration (0.001) 
High Turnover (0.1) 
Neisseria meningitidis 
Table 4.1. The migration/turnover scenarios 
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4.2.2.1 Local Selection 
The presence of turnover and local sweeps produces populations that retain similar patterns to 
those produced by neutral models with turnover, even when local sweeps are very frequent 
(Figure 4.4).  
 
Figure 4.4. Box plots showing the range of homozygosities produced for 250 realizations of the local selection 
model using populations of 1250 patches of 20 individuals with 7 loci.  Boxes represent the 2nd (red) and 3rd (blue) 
quartiles. Loci modelled with a per locus, per generation mutation probability of 0.0001, and a 
recombination/mutation ratio of 0.1, 1 and 10. Local sweeps occur frequently, equivilent to one local sweep event in 
each patch every 10 generations.. 
Like the neutral results, recombination has the largest proportional effect in Scenario 2. 
Scenario 3 produces a similar pattern to scenario 2, and Scenarios 1 and 4 produce 
homozygosities that change very little as the r/m is increased.   However, the addition of local 
sweeps has had an effect on the results produced.  When local sweeps are present there is 
small effect in both of the isolated scenarios. However, as in the simulations without 
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turnover, selection has its largest effect in the scenarios with high rates of migration 
(scenarios 2 and 3, Figure 4.5).
 
Figure 4.5. Bootstrap comparison between the homozygosities produced by neutral simulations for a population 
of 1250 patches of 20 individuals with a per locus mutation probability of 0.0001 divided by the homozygosities 
produced by a population featuring frequent local sweeps (a sweep occurs in each patch once every 10 generations on 
average) using the same parameters.  The bootstrap results are constructed from 1,000 randomly picked pairs of 
results, sampled with replacement. 
The effect of local sweeps is most pronounced in scenario 2 – with the median bootstrap 
homozygosities increasing from two to three times larger than the neutral results as the r/m is 
increased.  Scenario 3 is also affected, with median bootstrap homozygosities increasing from 
1.3 times to 1.7 times larger than the homozygosities produced by neutrality. Scenario 1 
shows relatively little change at the lower r/ms, but at an r/m of 10 local sweeps increase the 
median bootstrap homozygosity by 1.2 times.  The results produced when local sweeps are 
less frequent are much more modest; with very little effect discernable in any of the scenarios 
other than Scenario 2. 
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4.2.2.2 Global Selection 
  Compared with local selection, global selection has a far more obvious effect on 
homozygosity.  When global selection is weak, a similar pattern is produced to the neutral 
 
Figure 4.6. Box plots showing the range of homozygosities produced for 250 realizations of the global selection 
model using populations of 1250 patches of 20 individuals with 7 loci.  Boxes represent the 2nd (red) and 3rd (blue) 
quartiles. Loci modelled with a per locus, per generation mutation probability of 0.0001, and a 
recombination/mutation ratio of 0.1, 1 and 10. Globally adaptive traits evolve on average once every 20 generations. 
The globally adaptive traits have a fitness advantage of 0.001. 
simulations, and those produced by local sweeps (Figure 4.6). In the case of the low 
migration scenarios (1 and 4) the results are much the same as was produced without 
selection being present under the neutral model with turnover.  For the high migration 
scenarios (2 and 3) the results produced by weak selection fall in between the purely neutral 
results and the results produced by frequent local sweeps (Figure 4.7).  
           Scenario 1         Scenario 2                 Scenario 3  Scenario 4 
r/m 
Ho
m
oz
yg
os
ity
 
Increasing Diversity 
121 
 
 
Figure 4.7. Box plots comparing frequent local sweeps and the neutral model with frequent turnover to the 
effects of global selection when the fitness advantage that can be conferred is low (0.001).  The two scenarios that are 
considered have a high rate of migration (on average each individual will migrate every 10 generations) and either 
low (Scenario 2) or high (scenario 3) turnover. The box plots are constructed by taking 1000 pairs of results picked at 
random with replacement from simulation results. All of the simulations were performed on populations of 1250 
patches of 20 individuals with a per locus, per generation mutation probability of 0.0001. 
 For Scenario 2 in all cases the median bootstrap results show that the homozygosities 
produced by frequent local sweeps are greater than those produced by weak global selection.  
The homozygosities produced by neutrality are lower than those produced by weak global 
selection.  Scenario 3 is more marginal.  Two of the three r/ms for scenario 3 produce larger 
median bootstrap homozygosities when frequent local sweeps are present compared with 
weak global selection, the exception being those results for an r/m of 1.  In all cases for 
scenario 3 weak global selection produces median bootstrap homozygosities that are 
r/m 
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marginally greater than those produced by neutrality alone. In contrast to the results produced 
by local selection, when the selective advantage is increased for global selection, the effect is 
much more pronounced, radically changing the pattern of results obtained (Figure 4.8). 
 
Figure 4.8. Box plots showing the effects of strong global selection.  Results are produced by 250 realizations of 
the global selection model using populations of 1250 patches of 20 individuals with 7 loci.  Boxes represent the 2nd 
(red) and 3rd (blue) quartiles. Loci modelled with a per locus, per generation mutation probability of 0.0001, and a 
recombination/mutation ratio of 0.1, 1 and 10. Globally adaptive traits evolve on average once every 20 generations. 
The globally adaptive traits have a fitness advantage of 0.1. 
In all of the scenarios, other than scenario 4, global selection works to reduce diversity in the 
population.  The largest effects are present in the high migration scenarios (2 and 3), where 
the presence of powerful selective sweeps removes most of the diversity present in the 
population.  The most marked effect is in scenario 2, where the median homozygosities 
recorded are 35.1, 53.0 and 209.1 times larger than those produced under neutrality alone for 
r/ms of 0.1, 1 and 10. Scenario 3 displays median homozygosities that are 5.8, 6.6 and 16.5 
times larger than those produced by neutrality.  In contrast, the low migration scenario, 
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scenario 1 sees the opposite pattern.  In this case as the r/m is increased from 0.1 to 10 the 
proportional difference between the homozygosities produced by selection and neutrality 
alone decreases.  The median homozygosities in this scenario decline from 5.0 to 3.7 times 
larger than the median as the r/m is increased from 0.1 to 10.   
4.2.3 Patch “Selection” 
In contrast to local and global selection, that works on an individual level, patch selection 
(patch quality) will have its effect by affecting several individuals simultaneously.  Patch 
selection will allow some patches to continue to act as a source for colonising other patches 
for longer than would be possible in the simple neutral simulations.  It seems logical that this 
would have an effect on a population; the results in chapter 3 have shown that patch turnover 
is very important to diversity in populations. The results showed that patch selection has no 
overall effect on populations that undergo patch turnover events rarely (as would be expected, 
given its point of action).  Testing also showed that the length of time that the long lived 
patches survived within the population was much less important to the results than the 
proportion of patches that are long lived. Scaling the probability of the arrival of a long-lived 
patch with the time that patches would live for (resulting in the same number of long lived 
patches present at a single time) similar results were produced regardless of the age that long 
lived patches could survive. 
When relatively few patches are long lived (equal to 1.25 long-lived patches arising every 
100 recolonisations) there is very little effect on the observed diversity (Figure 4.9A).   
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B 
Figure 4.9. Box plots showing the effects of variable patch life.  Results are produced by 250 realizations of the 
global selection model using populations of 1250 patches of 20 individuals with 7 loci.  Boxes represent the 2nd (red) 
and 3rd (blue) quartiles. Loci modelled with a per locus, per generation mutation probability of 0.0001, and a 
recombination/mutation ratio of 0.1, 1 and 10. Globally adaptive traits evolve on average once every 20 generations. 
A represents the case where a longlived patch arises approximately once every 1000 generations, B is the case when a 
longlived patch arises every 100 generations. Longlived patches will survive,  on average 50 times longer than normal 
patches. 
However, if the probability of a long lived patch arising is increased (to 1.25 long-lived 
patches arising every 10 recolonisations), patch quality operates to increase diversity in the 
population.  The effect in the high migration scenario (3) is slight (with neutral bootstrap 
median homozygosities that are 1.13, 1.12 and 1.19 times larger than those produced by patch 
selection for r/ms of 0.1, 1 and 10 respectively). However, and in contrast to the other 
mechanics considered, patch selection also has a discernible effect on the low migration, high 
turnover scenario (4).  The bootstrap median neutral results for scenario 4 are 1.6, 1.7 and 1.8 
times larger than the homozygosities produced by patch selection.  Therefore, in comparison 
with the measures of individual selection, patch quality works to increase population 
diversity, rather than decrease it.  
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4.3 Discussion 
4.3.1 Local Sweeps 
Within the populations where turnover is not present, several patterns were clear.  In the case 
of the simulations performed with local selection, very little difference was observed between 
the populations simulated with a low rate of migration.  This is unsurprising as, similarly to 
the neutral case discussed in the previous chapter, many of the patches in the low migration 
population will tend towards homogeneity for small patches.  As well as limiting the effect of 
recombination, homogeneity will reduce the effect of the local selective sweeps on  
population diversity, as most sweeps will occur in patches that are already filled mostly by 
only one genotype.  The presence of relatively small, local, “patches” that are dominated by a 
single genotype (as determined by a method such as MLST)is found in pathogen populations 
in the real world.  A good example of this is the colonisation of European hospitals by 
epidemic MRSA-15 and -16 clones almost exclusively [114-116]. In populations where 
patches tend towards homogeneity, the local sweeps may actually help to preserve diversity; 
by ensuring that the rare migration events that do occur end up doing nothing to share 
diversity amongst the population, by eliminating these sources of diversity soon after they 
arrive.  Mechanistically a local sweep is similar to an extinction/colonisation event – in that it 
replaces all diversity in a patch with a single genotype.  However, it is obvious from the 
results that when migration is low, local sweeps do not produce anything like the effect that 
turnover does.   This is because, although the process is mechanistically similar between local 
sweeps and turnover, in local sweeps the genotype that sweeps through is already present in 
the patch. When migration between patches is low, this acts to remove any imported 
diversity. The difference with the neutral results produced by the high turnover, low 
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migration scenario is explained by the fact that colonisation following turnover provides an 
opportunity for a colonising genotype to replace other genotypes in the patch it is colonising.  
This allows it to increase its frequency (and remove diversity at the same time) – and as a 
result, this means that we would expect that on a per event basis, turnover would produce a 
larger reduction of diversity than local sweeps. As a result, when migration is low, local 
sweeps will be expected to produce populations that are more diverse than populations 
produced by turnover occurring at a similar rate, in populations where the patch size is small. 
 At low rates of migration, as occurred with the neutral results, recombination has a very 
limited effect when local sweeps are occurring. When rates of migration are increased, 
recombination has more of an effect.  This is because high migration rates result in more 
diverse patches, that means that more of the recombination events that occur will be 
generating new genotypes.  Having more mixed patches also means that each local sweep 
event will be more effective at reducing diversity, explaining why local sweeps have their 
largest effect on the population in the high migration scenarios.  Proportionally the largest 
difference when the rate of sweeps is increased is observed at the highest r/m ratio.  This is 
because as the number of patches that are undergoing sweeps increases, the number of 
genotypes in the population will decrease – as the more frequent sweeps will remove more 
diversity from the population.  This means that more of the recombination events occurring 
will be between identical loci, resulting in no change in diversity. As a result, when 
comparing higher rates of recombination, a proportionally larger difference will be observed. 
This means that the presence of local sweeps has a dual effect – similar to that of turnover in 
the high migration case.  The local sweeps remove diversity and increase the frequency of 
one sequence type rapidly.  Individuals from patches that have undergone a sweep will then 
migrate around the population, providing more patches where they could then also have a 
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chance of sweeping through. This creates a situation where, when sweeps are frequent, the 
population is dominated by relatively few, widely distributed genotypes.  
The action of local sweeps may pose something of a problem for biologists.  Within stable 
systems – such as environmental bacteria that persist for many thousands of generations – the 
presence of local sweeps may be a more parsimonious explanation for low diversity than 
patch extinction and recolonisation. But, these results suggest that local sweeps will only 
reduce diversity where the migration rate is relatively high, as a low migration rate and local 
sweeps would be expected to produce a global population structure that is relatively diverse.   
In many species – both pathogen and environmental – turnover will represent a more 
parsimonious explanation for low levels of diversity.  In these populations local sweeps may 
occur – but as the results for sweeps in the presence of turnover showed, the patterns 
observed, and overall diversities present were similar to the results produced by neutral 
simulations.  The detection of local sweeps may therefore prove to be difficult as there is no 
obvious way to distinguish between the effects of local sweeps and populations under 
turnover using population genetic statistics. These considerations pose serious questions over 
how one would test for – and verify – the presence of local sweeps in a population. 
4.3.2 Global Sweeps 
Of the mechanisms by which selection could act considered here, global selection is the most 
potent.  When turnover is absent, global selection has its largest effect at a high rate of 
migration.  A high fitness advantage produces results that are markedly less diverse than 
neutrality and also very much less diverse than those produced by local selection when 
migration is high.  The requirement for a high rate of migration to see the full effect of global 
selection is because between patch movement is necessary in order for a global selective 
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sweep to complete.  Global selection does, however, have an effect where migration rates are 
low; although this is more modest than the high migration case, and requires a high fitness 
advantage to produce a large divergence from neutrality.     The results produced without 
turnover – particularly the high migration, high fitness advantage results – point towards the 
capability of global selective sweeps to remove very large amounts of diversity from a 
population.  Once turnover is introduced, there are several patterns of interest.  While the 
fitness advantage is low, the pattern of results produced is similar to those produced by the 
other mechanisms considered here.  Little change is evident when the migration rate is low.  
In the high migration scenarios (2 and 3) the low fitness advantage produces homozygosities 
that fall somewhere between those produced by neutrality and frequent local sweeps. When 
the fitness advantage is increased there are large changes to the results produced by three of 
the four scenarios.  In the case of the high migration scenarios (2 and 3) the introduction of a 
high fitness advantage results in the production of populations that are close to invariant in 
several cases. The result in the low migration, low extinction scenario (1) is also marked, 
with changes to both the median homozygosities and the distribution of homozygosities 
produced by the simulations. In some cases this is likely to be related to the time at which a 
sampling is taken. With the introduction of global selection, global selective sweeps will 
occur.  If a sample is taken during, or soon after one of these events, the population will have 
a reduced diversity compared to a sampling taken just before a sweep begins.    The addition 
of turnover has also produced one unusual result.  Where migration rates are low and 
turnover rates are high, the presence of global selection produces very little effect on the 
population diversities obtained.  This occurs because of a combination of factors.  Low 
migration rates will prevent individuals with a globally advantageous trait leaving the patch 
where they evolve for some time.  In practical terms, on average we would expect an 
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individual to migrate once every 1000 generations in this scenario.  So if an individual gains 
an advantageous trait and sweeps through a patch, then in the model with a patch size of 20, 
on average we would expect that an individual would migrate from this patch at some point 
in the proceeding 50 generations, allowing the continuation of a global sweep.  However, the 
extinction rate means that, on average, each patch will persist for 10 generations before being 
turned over.  This creates a situation where, even when the fitness advantage is high, in all 
probability individuals with a fitness advantage will be killed off before they have an 
opportunity to move beyond one patch.  As a result, scenario 4 represents a situation where 
global selective sweeps occur very rarely, and so do not have a large effect on global 
population diversity.  This is interesting as it suggests that the opportunity for the occurrence 
of global selective sweeps will be limited in some pathogenic species.  At the least, this 
suggests that for species where patches are thought to be relatively isolated from one another 
and turnover is frequent the most likely cause of low diversities is the effects of turnover and 
bottlenecks at transmission. 
4.3.3 Effects of Patch Selection 
Compared with local and global selection the effects of patch selection are very much more 
limited although several interesting patterns are evident.  It appears that when patch size is 
small the length of time a patch is in existence is less important on a population level than the 
absolute number of patches that are long lived at any one time.  The effect when there are few 
longer lived patches is very small.  However, even increasing the number of longer lived 
patches produces limited effects.  
Mechanistically, patch selection works primarily to reduce the overall effect of turnover on 
the population.   The result of this is that, in contrast with the other forms of selection 
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considered, patch selection works to increase diversity in the population.  The effects are 
primarily evident where turnover is high; the results where turnover is low are very limited 
under the parameters examined here.  Patch selection provides an interesting contrast with the 
other scenarios, but is clearly a relatively weak force in this model and in all probability 
would be very difficult to distinguish from turnover on a population level. 
4.3.4 Differences with Neutral Results 
The range of results produced, and their similarity (or not) to neutrality is summarised by 
Figure 4.10. Figure 4.10 shows the problem that is present in the results from several of the 
theories of selection that have been suggested previously.  The medians for weak local, global 
and patch selection all fall within the range of homozygosities that are produced by 
neutrality.  The medians produced by frequent local sweeps falls outside the range of 
homozygosities produced by neutrality in one scenario for all r/ms considered (scenario 2) 
and for one other parameter set – an r/m of 10 in scenario 1.  The medians for strong global 
selection all fall outside the range of results produced by neutrality for scenarios 1-3; 
(although in the case of scenarios 2 and 3 the results produced very so invariant, and would 
be surprising if they were found in nature).  The results demonstrate the range of diversities 
that can be produced by these mechanisms, and they pose serious questions; how can these be 
distinguished? And what other ways can the data be analysed in order to interrogate it for 
information relating to the population structure and underlying population processes that are 
going on? 
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Figure 4.10. Showing the effects of neutrality, local, global and patch selection. Points represent medians from simulation results, grey bars are the range of results produced by the neutral 
simulations without selection.  Populations are all 1250 patches of 20 individuals with a per- locus, per generation mutation rate of 0.0001.  In the case of the populations with frequent local sweeps, 
these occur with a per patch probability of 0.1 per generation.  In the global selection simulations an individual with an advantageous trait arises on average once every 20 generations, and that trait 
provides a fitness advantage of 0.001 (weak global selection) or 0.1 (strong global selection).  Strong patch selection results in the arising of a longer lived patch approximately once every 10 generations 
in the populations with high turnover and once every 1000 generations in the populations with a low rate of turnover. 
Increasing Diversity 
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4.3.5 Implications 
Although selection can clearly have a powerful effect on the populations considered, there is 
a major potential problem that is demonstrated by these simulations.  The effects of the 
different forms of selection show that local and patch selection are relatively weak in 
comparison to global selection, in terms of the effect that they can have on the population 
level diversities.  The results for local and patch selection therefore have implications as to 
the use of neutrality as a null model.  Without the foreknowledge of the parameters used to 
produce the populations, and with the exception of the strong global selection results, it 
would be almost impossible to distinguish between the results produced by neutrality and the 
other mechanisms, other than the results produced by strong global selection.  This is both a 
good and a bad thing for the ecotype model.  Clearly these results suggest that when global 
selection is strong and migration frequent in this model, ecotypes as previously envisaged 
would not be readily established for any length of time.  When global selection is weak, or 
local selection is strong it appears that ecotypes could be established in these populations as 
diversities aren’t so low that the population is invariant.  However, this poses a problem in 
that it may be difficult to reject the neutral hypothesis for these populations, if turnover and 
migration are known to be present. 
In terms of the analyses here, because the simulations are stated using known parameters, it is 
possible to compare them and say that the results produced are different.  However, it is much 
less clear that such a differentiation would be possible from data obtained from the real 
world.  As such, these results imply that major problems remain in distinguishing neutral 
dynamics from selection.  Given the size of the effect possible from patch turnover, it is 
difficult to envisage many situations where population subdivision and patch turnover is 
present where it would be possible to reject a neutral null hypothesis. Global selection is 
133 
 
clearly a very potent force when the selection is strong.  However, the results show that once 
global selection is powerful enough to be clearly distinguishable from the results produced by 
sensible neutral scenarios with patch turnover, it is so powerful that the populations it 
produces are almost invariant – that is a situation that does not commonly arise in nature.  
These results, although demonstrating the potential power of selection to reduce diversity in a 
population, also serve to demonstrate the size of the problem in distinguishing the effects of 
neutrality and selection in subdivided populations undergoing mutation and recombination. 
Fundamentally, it appears that if one wishes to demonstrate the presence of selection in a 
sample population, more data is likely to be necessary than is found in samples which are 
characterised by relatively few loci (such as the MLST datasets).  In cases where the 
signature of selection is being sought, it is likely to be more appropriate to examine these 
questions using larger amounts (most probably genome-scale) of data in concert with other 
tools such as dN/dS ratios. 
4.4 Conclusion 
The results demonstrate that although selection can have a marked effect upon population 
diversity, there are questions as to how discernable the effects of selection will be using 
simple summary statistics such as homozygosity.  The results show that global selection can 
be a potent force, and depending on the time at which samples are taken relative to when 
sweeps have occurred, can produce populations that have very low diversities.  Patch 
selection and local selection are far more limited in their effect, and in many situations it is 
likely that these would be difficult to distinguish from simple neutral dynamics.   The results 
also suggest that the establishment of ecotypes could occur more effectively by simple 
stochastic processes without the need for the presence of local selection. Turnover appears to 
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have a larger effect – on a per event basis – than local selection, and may produce ecotypes as 
effectively as the action of local selection. More generally, the limitations of homozygosity as 
a mechanism for distinguishing between these processes is clearly troubling, given its wide 
usage. The use of single figure statistics – that discard a large amount of information may be 
a limiting factor; or it may be that homozygosity is not a suitable mechanism for detecting 
these forces, but other methods may prove more effective.  In the next chapter I investigate 
the use of several commonly used methods for inferring population structure and 
characteristics, and identify the effect of other confounding factors that may affect the 
interpretation of results produced by multi locus datasets. 
 
  
135 
 
5 Chapter 5 - Inferring Population Characteristics from Genotypic 
Data 
5.1 Background 
The previous chapters have demonstrated the range of diversities possible in subdivided 
populations evolving under mutation and recombination.  The results presented in the 
previous chapters have highlighted the inability of a popular single figure metric - 
homozygosity –to discriminate between the effects of migration, turnover and recombination 
in the model.  The inference of population characteristics using summary statistics is vitally 
important not just within the field of population genetics. Understanding the processes by 
which populations evolve over time and the forces that shape those populations underpins 
modern biology. Being able to accurately estimate parameters is vital in order to build models 
of species of interest, and also to ensure that analytical methods are appropriately applied.   
The variation in homozygosity produced by modifying relatively few parameters with the 
model framework that I outlined in chapter 2points towards a more serious question as to the 
applicability of summary statistics - as the amount of data being considered increases, can 
single figure metrics really provide useful information as to the nature of a population? Or is 
the loss of data simply too great, and should other methods be considered for producing 
overviews of a population in the post-genomic era.  The problem extends to situations even 
where homozygosity provides good separation between the scenarios and/or r/m ratios; 
knowing the parameters that have been used to generate the results is one thing, but would we 
be able to correctly infer the reasons for the observed values in the real world?  There are a 
number of other methods and statistics available in the population geneticists toolbox that can 
help to collectively identify the processes that are occurring within a population.  
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In this chapter I aim to examine the usefulness of a number of methodologies that summarise 
data.  I consider their applicability and the implications of factors such as sampling bias on 
their results.  I also consider the inferences that are traditionally drawn from these methods, 
and the extent to which these are supported with simulated populations.  First I consider two 
single figure statistics that are commonly applied to bacterial datasets. The previous chapters 
have demonstrated that homozygosity is a poor method for differentiating amongst the 
populations produced by the simulations (Figure 4.10). In this chapter I examine two further 
methods which are designed to ask more specific questions of a dataset.  These are F-
statistics – in the form of Gst – which is a measure of population diversity and subdivision, 
and the Index of Association, IA, which is a measure of the clonality of a population.  Given 
the limitations of homozygosity in distinguishing between the effects of turnover, migration 
and recombination demonstrated in the previous chapters, I also explore two further methods 
of summarizing a multilocus population – the allelic mismatch distribution and the nearest 
neighbour distribution – to see if these can provide a more effective separation between the 
models considered.  The latter two methods were proposed in concert with the neutral 
microepidemic model as a mechanism for exploring pathogen population structure. I 
investigate the effectiveness and applicability of the neutral microepidemic model to 
populations simulated using the scenarios used in the previous chapters, exploring how it 
performs and the implications this has for its use on bacterial datasets – and what its results 
may tell us about the datasets themselves.  The statistical tests used in the previous chapters 
to show a difference between the simulated datasets are unsuitable for use in distinguishing 
selection from neutrality in real populations.  Using allelic frequency data the most widely 
used method that provides a mechanism for asking if a population is neutral is the Ewens-
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Watterson test.  I examine the effectiveness of this test in detecting neutrality in simulated 
populations produced with turnover.  
I conclude the chapter with an exploration of some of the compounding factors that affect 
current multilocus datasets, focusing on the effect of longitudinally sampled data when 
explored using the popular programme eBURST [6].   
5.1.1 Methods Investigated 
5.1.1.1 Gst 
F-statistics and their descendents are a group of summary statistics originally proposed by 
Sewall Wright in the 1920’s.  They are intended to provide a measure of the diversity in a 
population.  F statistics have traditionally been used as measures of population subdivision 
[117], diversity [76] and effective population size [118].  One of the most popular of the 
methods used is that of the “fixation index”, Fst, and its multilocus version, Gst.  These 
statistics provide a representation of the similarity between patches, and in so doing provide 
an indirect indication of population diversity. Gst is ratio of the total genetic diversity 
distributed amongst subpopulations to the total genetic diversity in the population.  In a 
sample of p individuals described by k loci there will be a finite (i) number of alleles present. 
Within that sample ℎ𝑘𝑘 = 1 − ∑𝑇𝑇𝑊𝑊𝑘𝑘2 is the probability that two individuals are different at the 
kth locus.  𝐺𝐺𝑒𝑒𝑃𝑃 =  𝐻𝐻𝑃𝑃����−𝐻𝐻𝑒𝑒����𝐻𝐻𝑃𝑃����   where 𝐻𝐻𝑃𝑃��� is ∑ℎ𝑘𝑘𝑘𝑘  and 𝐻𝐻𝑒𝑒��� is an average of the genetic diversity present 
in s subpopulations, given by  
∑
∑ℎ𝑘𝑘𝑒𝑒
𝑘𝑘
𝑒𝑒
, where ℎ𝑘𝑘𝑒𝑒  is the probability that two individuals within a 
subpopulation are different at the kth locus.  The values produced by Gst range from 0 to 1, 
with 0 being a population with no differentiation, and 1 being indicative of a population that 
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is totally differentiated.  The statistic is the ratio of within patch diversity to total population 
diversity, and so examines how evenly diversity is distributed in the population. 
5.1.1.2 The Index of Association 
The Index of Association (IA) was first used by Brown et al. to examine population structure 
in the grass Hordeum spontaneum [119], and was used later by Whittam et al. to examine the 
association of alleles in Escherichia coli [120]. It was then presented by Maynard Smith et al 
as a general method to assess the extent of linkage disequilibrium within a bacterial 
population [10].  In a population described by k loci, there will be, at any one time a finite 
number of alleles for each locus.  If 𝑇𝑇𝑊𝑊𝑘𝑘  is the frequency of the ith allele at the kth locus then 
ℎ𝑘𝑘 = 1 − ∑𝑇𝑇𝑊𝑊𝑘𝑘2 [10] is the probability that two individuals are different at the kth locus.  If D 
is the number of loci at which two individuals differ, then  
𝐷𝐷� = ∑ℎ𝑘𝑘  [10]. If the alleles within an individual are free from linkage disequilibrium, the 
expected value of the variance of D is 𝑉𝑉𝐸𝐸 = ∑ℎ𝑘𝑘 (1 − ℎ𝑘𝑘 ) [10]. By comparing the expected 
with the observed variance of D, Maynard Smith et al propose ‘a convenient “index of 
association” – of 𝐼𝐼𝐴𝐴 = 𝑉𝑉𝑂𝑂𝑉𝑉𝐸𝐸 − 1 [10]. In this way, an IA of 0 represents a population where there 
is complete linkage equilibrium. Values of IA larger than 0 represent populations that show 
progressively more linkage disequilibrium. When the method was presented by Maynard 
Smith et al, the authors noted that absolute values of IA could not be used reliably to identify 
the presence of linkage disequilibrium.  They proposed a statistical test to assess the 
significance of linkage disequilibrium in a sample.  Where linkage disequilibrium is detected, 
the authors concluded that the sample had a ‘clonal population structure’.  I examined both 
the use of absolute values and also the performance of this test for detecting recombination. 
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5.1.1.3 The Allelic Mismatch and Nearest Neighbour Distributions 
The allelic mismatch distribution is a method proposed by Fraser et al [1] as a mechanism for 
summarising a population.  It is used in this paper as the basis for fitting data to the neutral 
microepidemic model.  The allelic mismatch distribution was defined in Fraser et al [1] as 
𝐹𝐹𝑘𝑘
𝑊𝑊(𝑃𝑃), the probability that any two isolates differ at k of i studied loci at time t.  The 
distribution is produced by completing an all-against-all pairwise comparison of the 
genotypes of individuals in a dataset. This produces a distance matrix containing the number 
of loci at which every individual differs from every other individual in the population.  The 
distribution is produced by computing the proportion of these comparisons that correspond to 
a difference of i of k loci for values of i in the range of 0..k. This method retains more 
information than a single figure metric. It also includes as part of the distribution the 
population level homozygosity – which is the proportion of pairwise comparisons in the 
population where the individuals are identical at all loci.  The nearest neighbour distribution 
is computed in a similar way.  The algorithm uses the distance matrix produced for the allelic 
mismatch distribution.  Iterating through the distance matrix, for each individual the 
algorithm identifies the closest non-identical genotype in the population, in terms of the 
number of loci that are different between the closest non-identical genotype and the 
individual being examined.  The distribution of the number of loci different between nearest 
neighbours is then computed as the proportion of individuals for whom the most similar 
genotype in the population is different at i of k loci, where i is in the range 1-k.  The method 
has been used previously to compare simulated data with real world datasets. I am also 
interested in the possibility of using these distributions to identify the signatures of 
recombination, migration and turnover. 
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5.1.1.4 The Neutral Microepidemic Model 
In contrast to the statistics considered, the neutral microepidemic model is not a single figure 
statistic but a model that can be fitted to an allelic mismatch distribution to provide parameter 
estimates.   This model combines classical population genetics with an understanding of 
pathogen biology [1].  The model is based on two concepts; firstly in most cases it is likely to 
be impossible to be able to build a globally representative sample for pathogen species, and 
secondly most ‘epidemics’ of bacterial pathogens are actually composed of many 
‘microepidemics’. Each microepidemic encompasses a group of hosts associated with an area 
such as school, day-care centre or workplace where transmission of the disease readily 
occurs. The model is a correction to the classical neutral model that allows for the effects of 
these factors. This improvement has produced a better fit to observed data in some species, 
compared with the neutral model [1]. The effect of microepidemic population structure may 
be a significant feature in pathogen populations.  The establishment, growth and decline of 
microepidemics will have consequences for pathogens in a population genetics sense.  This 
dynamic is captured within the model framework by subdivision and patch 
turnover/recolonisation, as discussed in chapter 2.  The original neutral microepidemic model 
was verified using simulations that did not explicitly implement the bottlenecks that occur 
with the establishment of microepidemics.  The model framework provides explicit 
modelling of this characteristic, and should provide an effective method to benchmark the 
performance of the neutral microepidemic model.   The model works by introducing a 
correction to the allelic mismatch distribution predicted by a single patch neutral model with 
recombination.  The allelic mismatch distribution for the standard neutral model is given by 
the equilibrium expression; 
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𝐹𝐹𝑘𝑘
𝑊𝑊 = (1 − 𝑘𝑘 + 1)𝜃𝜃𝐹𝐹𝑘𝑘−1𝑊𝑊 + 𝑊𝑊𝑖𝑖�𝐹𝐹𝑘𝑘−1𝑊𝑊−1𝐹𝐹01 + 𝐹𝐹𝑘𝑘−1𝑊𝑊−1𝐹𝐹11�1 + (𝑊𝑊 − 𝑘𝑘)𝜃𝜃 + 𝑊𝑊𝑖𝑖  
For the probability F, that two individuals are identical at k of i studied loci, in a population 
with a scaled mutation rate of 𝜃𝜃 and a scaled recombination rate of 𝑖𝑖.  The scaled mutation 
rate and scaled recombination rate are equal to 𝜃𝜃 = 2𝑁𝑁𝑁𝑁 and 𝑖𝑖 = 2𝑁𝑁𝑁𝑁 where N is the 
population size, m is the per locus per individual probability of mutation per generation and r 
is the per locus per individual probability of recombination per generation.  The neutral 
microepidemic introduces a modification to this allelic mismatch distribution to produce a 
better fit to the observed data.  This is done by the introduction of an empirical parameter he, 
which is added such that  
𝐹𝐹′0𝑊𝑊 = ℎ𝑁𝑁 + (1 − ℎ𝑁𝑁)𝐹𝐹0𝑊𝑊  and 𝐹𝐹′𝑘𝑘𝑊𝑊 = (1 − ℎ𝑁𝑁)𝐹𝐹𝑘𝑘𝑊𝑊  for k > 0. 
The model is then fitted by maximising the log-likelihood with respect to the parameters 𝜃𝜃, 𝑖𝑖 
and ℎ𝑁𝑁  as given by; 
𝑇𝑇(𝜃𝜃,𝑖𝑖,ℎ𝑁𝑁) = 𝑖𝑖�𝐹𝐹�𝑘𝑘𝑊𝑊𝑊𝑊
𝑘𝑘=0 ln(𝐹𝐹′𝑘𝑘𝑊𝑊 (𝜃𝜃,𝑖𝑖,ℎ𝑁𝑁)) 
Where n is the sample size and 𝐹𝐹�𝑘𝑘𝑊𝑊 is the observed allelic mismatch distribution and additive 
constants have been ignored. 
5.1.1.5 The Ewens-Watterson Test 
The Ewens-Watterson Test [7, 8] is a statistical test that provides a mechanism for rejecting 
the null hypothesis of neutrality for a dataset. Ewens found that under the infinite alleles 
model, dependent upon j alleles being observed in a sample of n individuals, it was possible 
to compute the expected distribution of the allele frequencies under neutrality, without 
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knowing the scaled mutation rate. This distribution then allows the expected homozygosity to 
be calculated (as this is the sum of frequencies squared of the alleles). The homozygosity test 
operates by comparing the expected homozygosity with the actual homozygosity in the 
population. However, since the mathematical description of the distribution of homozygosity 
under the Ewens sampling formula, in the words of Haymer and Hartl et al, “does not lend 
itself to a simple mathematical expression” [121], Watterson made use of simulations which 
generate a set of samples from the Ewens distribution using the same sample size n and 
number of alleles j. The test operates by examining the observed homozygosity compared 
with the range of homozygosities produced by multiple simulated samples, with a significant 
deviation from neutrality being inferred where the observed homozygosity falls within the 
upper or lower 2.5% of the simulated samples. When this occurs, the test is said to support 
the rejection of the null hypothesis of neutrality.  This rejection can be in favour of either 
directional selection or balancing selection – as these modes of selection have distinct effects 
on the observed homozygosities.  Balancing selection, because it results in relatively even 
frequencies of alleles in a population, reduces the homozygosity for the population, while 
directional selection, because it results a large increase in the frequency of few alleles in the 
population, increases homozygosity. The test has been widely used in population genetics as 
it provides a mechanism for the detection of selection in a sample (for examples of its usage 
see [122-124]). However, the test is based upon the assumption of a population that is not 
subdivided, where individuals mix freely, and also does not take into account the effects of 
recombination.  In the real world populations can be naturally patchy and many bacterial 
species will also be subject to the effects of recombination. In many of these populations 
these assumptions/omissions present in the model underlying the Ewens-Watterson test may 
result in the incorrect inference of selection in a population which is effectively neutral.  The 
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Ewens-Watterson test has been tested previously to examine the rate of type II errors (false 
negative) which occur when the test is used, but it has not been examined for the rate of type 
I errors (false positive).  For a test which is designed to provide support to the rejection of the 
null hypothesis neutrality, the rate of type I errors in patchy populations is a significant factor 
that could affect the usage and interpretation of the Ewens-Watterson test when applied to 
pathogen populations.  
5.1.1.6 eBURST 
eBURST is a software package that implements the algorithm Based Upon Related Sequence 
Types [6].  This method uses MLST genotypes (Sequence Types, or STs) to infer the 
relationships between closely related epidemiological samples. The method identifies clusters 
of similar genotypes, and, using a maximum parsimony approach putatively assigns 
relationships between isolates based on genotypic similarity.  Initially the algorithm 
subdivides the population into mutually exclusive groups. Every member within an eBURST 
group has a user defined minimum number of alleles in common with at least one other 
member of the group [6].  As a result, no ST can belong to more than one group.  Groups are 
based on a simple threshold of similarity, defined by the user and may have no biological 
meaning.  The second stage of the algorithm takes a grouping and attempts to infer the 
ancestry for the STs present.  It does this by constructing ‘clonal complexes’, which are 
groups of individuals that differ from at least one other individual in the group at only one 
locus – they are what is termed Single Locus Variants (SLVs). For each clonal complex 
eBURST identifies the ST with the greatest number of SLVs and assigns this as the ‘founder’ 
[6].  The individuals that are SLVs of the founder are then inferred to have evolved from the 
founder ST.  Unassigned SLVs (those members of the group which are not SLVs of the 
founder) are then assigned to a subfounder if possible using the same process, the process is 
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reiterated until all SLVs are assigned to a subfounder or the founder.  In this way the 
algorithm iterates through the STs in a group, progressively assigning them to a subfounder 
and building up the clonal complex.  The relationships so identified by eBURST have been 
shown to be largely correct for a wide range of recombination and mutation values, as 
assessed by simulation [70].  eBURST is widely applied to MLST datasets as a mechanism 
for subdividing and visualising a population [125] and is freely available online at 
eburst.mlst.net. 
5.2 Methods 
Although there are several methods that have been proposed to perform the same function as 
Fst for the multilocus case (including Gst [76] Rst [77]and θ [126]) I use the classical 
equations as outlined by Nei to compute Gst when the model is run [75].  IA is also calculated 
when the model is run, using the method as outlined by Maynard Smith et al [10].  The 
results for the nearest neighbour and allelic mismatch distributions are produced as outputs 
directly from the model framework. To examine the performance of inference by the neutral 
microepidemic model, an implementation of the neutral microepidemic model produced by 
Christophe Fraser as outlined in [1] was used.  The programme is implemented in C++ and 
uses the Powell method [127] to fit the neutral microepidemic model to an allelic mismatch 
distribution by maximising the log-likelihood.  Gst was implemented as an output statistic of 
the model framework following [9] and IA was implemented as an output statistic following 
[10].   
To test the effectiveness of the Ewens-Watterson test of neutrality [7, 8], I made use of the 
Arlequin software package [128].  This package implements the version of the test developed 
by Slatkin [129], and the p-values from this exact test are used to examine the ability of the 
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Ewens-Watterson test to detect balancing and directional selection in simulated datasets. 
Arlequin limits the maximum number of individuals that can be tested. Arlequin was used 
because the time required to implement the test within the model framework would have 
proved prohibitive. As a result, for the purposes of running this test I produced populations 
with 200 patches of 20 individuals (giving a total population size of 4,000 individuals), for 
the four scenarios with scaled rates of mutation and recombination that were comparable to 
those used in the previous chapters. To visualise eBURST populations I used a version of 
eBURST version 3, modified to run on a local computer.  Populations were produced by the 
model framework, and these were exported and visualised using.  The simulation results are 
mostly produced with reference to the four Scenarios defined in chapter 2 (Table 5.1). 
Scenario Description Parameters Example organism 
Scenario 1 This scenario simulates 
very isolated populations.  
It has a low rate of inter-
patch migration and a low 
rate of patch turnover 
Low Migration 
(0.001) 
Low Turnover 
(0.001) 
Helicobacter pylori 
Scenario 2 This scenario simulates 
long lived populations that 
have frequent between 
patch migration. 
High Migration 
(0.1) 
Low Turnover 
(0.001) 
Staphylococcus aureus 
Scenario 3 This scenario simulates 
populations that have a 
high rate of patch turnover 
and a high migration rate 
High Migration 
(0.1) 
High Turnover 
(0.1) 
Yersinia pestis 
Scenario 4 This scenario simulates 
isolated populations with a 
low rate of migration and a 
high rate of patch turnover 
Low Migration 
(0.001) 
High Turnover 
(0.1) 
Neisseria meningitidis 
Table 5.1. The Scenarios used for exploring the methods in this chapter.  Numbers in brackets are the per 
individual per generation migration probability and the per patch per generation turnover probability. 
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5.3 Results 
5.3.1 Using Single Figure Metrics to Describe Populations 
5.3.1.1 Gst 
The group of population genetic statistics known as F-Statistics are some of the most widely 
utilised summary statistics in population biology.  Gst [9] is an extension to the original Fst 
proposed by Wright [22] that takes in multiple loci (Wright’s Fst is a single locus measure).  
There have been several modifications suggested to Gst since it was proposed [77, 126].  
Probably the most widely used is Cockburn and Wier’s improvement [126] that corrects for 
small and unequal sampling sizes.  However, as the simulation results considered are whole 
population datasets, there is no need to correct for sampling bias, and so Nei’s original 
formula is used [9].  Initially I consider the effects of local recombination.  Local 
recombination should provide an easier test for Gst than global recombination, as the only 
gene flow between patches in a simulation with local recombination will be from migration 
and turnover. This is because Gst compares inter-patch gene diversity to overall diversity, 
and global recombination will affect this measure. The simulation results demonstrated that 
Gst could discern between populations that had low migration and those that had high 
migration; but provided no indication as to the actual diversity of the population as reported 
by statistics such as homozygosity (Figure 5.1).   
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Figure 5.1.Gst for populations undergoing local recombination.  Populations composed of 1250 patches of 20 
individuals.  Populations are produced using a per locus, per generation, per capita mutation probability of 0.0001, 
making use of the Scenarios described previously Each datapoint is produced by 250 separate runs of the model. 
The results in Figure 5.1 demonstrate that Gst produces results that are largely uniform as the 
rate of local recombination is increased. Increasing local recombination appears to increase 
the differentiation between patches marginally in some cases, although the difference is very 
small in all cases.  The largest increase between the medians is in scenario 3 where, as the r/m 
is increased, the Gst increases only marginally (from 0.4873 to 0.4879).  Unaffected by 
recombination, Gst captures the effects of patch dynamics. The two low migration scenarios 
(1 and 4) both have median Gst values close to 1, while the high migration scenarios (2 and 
3) have median Gst values less than 0.5, reflecting the fact that in the high migration 
scenarios genotypes are introduced frequently to each patch, reducing differentiation between 
patches.  The presence of a frequent patch turnover in Scenario 3 compared with 2 results in a 
Gst that indicates that patches are less mixed (and so more distinct) than those in scenario 2. 
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This is because a larger subset of the population in scenario 3 will be newly colonised 
patches, which will have much less within patch diversity than the rest of the population.  
This causes an increase in Gst. The higher rate of turnover in scenario 4 also results in higher 
median Gst values than those recorded for scenario 1, but the differences are all small at each 
r/m considered (the median Gsts for scenario 4 are larger than those in scenario 2 by 0.022, 
0.023 and 0.023 for r/ms of 0.1, 1 and 10 respectively). 
The introduction of global recombination should provide a more difficult test for Gst – as 
global recombination will work to reduce the differentiation between patches.  The presence 
of global recombination does result in populations that are less mixed in the case of the low 
migration scenarios (1 and 4) although the changes in Gst for Scenarios 1 and 4 are small. 
Very little change is evident in the high migration scenarios (2 and 3) (Figure 5.2). 
 
Figure 5.2.Gst for populations undergoing global recombination.  Populations composed of 1250 patches of 20 
individuals.  Populations are produced using a per locus, per generation, per capita mutation probability of 0.0001, 
making use of the Scenarios described previously. Each datapoint is produced by 250 separate runs of the model. 
149 
 
Increasing the rate of global recombination in scenarios 1 and 4 results in populations that are 
less differentiated.  In the case of scenario 1 there is a discernable difference between the 
results for r/ms of 0.1 and 10, which was not evident in the results produced by local 
recombination (this increase in the rate of recombination produces a decrease in the median 
Gst of 0.031 compared with an increase of 0.000091 in the case of the simulations conducted 
using local recombination).  The rate of recombination has a negligible effect when the rate 
of migration is high, with Scenario 2 showing a decrease of 0.0019 and Scenario 3 showing a 
decrease of 0.0020 in their median Gst’s as the r/m is increased from 0.1 to 10.  These results 
demonstrate that Gst can differentiate between low and high migration; but provides little 
indication on the extent of turnover in a population.  The method also, unsurprisingly, is 
unaffected by the level of recombination in the population, unless the rate of recombination is 
high and global, in a population with low between patch migration. 
5.3.1.2 The Index of Association 
In contrast to Gst and Homozygosity, IA, used originally by Brown et al. [119], and later 
proposed by  Maynard Smith et al [10]as a general method, is designed to ask a different 
question. Maynard Smith et al [10] presented IA as a ‘convenient’ measure of linkage 
disequilibrium in a sample.  This provides an indication to the level of recombination present 
within populations, and was used to address the question of “how clonal is the population 
being examined?” The statistic was originally designed for use with the results of multi locus 
enzyme electrophoresis.  It has, however, been widely applied to MLST datasets, and has 
been implemented in packages used for analysing genotype data [99].  Initially I consider IA 
with populations under conditions that should challenge the method to detect the presence of 
recombination.  These conditions combine the difficulty of patch dynamics as found in the 
four scenarios with local recombination. Local recombination poses a challenge to IA, as its 
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effects are attenuated by the patch dynamics of turnover and migration that are present in the 
population.  The results produced when IA is used on simulated whole populations under 
local recombination are shown in Figure 5.3. 
 
Figure 5.3. The Index of Association for populations undergoing local recombination.  Populations composed of 
1250 patches of 20 individuals.  Populations are produced using a per locus, per generation, per capita mutation 
probability of 0.0001, making use of the Scenarios described previously. Each datapoint is produced by 250 separate 
runs of the model. 
The data for local recombination show that IA appears to perform well in three of the four 
scenarios for distinguishing the levels of recombination in the population, using absolute 
values.  The largest difference in median IA is recorded in scenario 2, where the increase of 
the recombination rate from 0.1 to 10 results in a decrease in IA of 2.36 (from 2.71 to 0.36).  
These results suggest that in all but the isolated, high turnover case (Scenario 4) IA should 
provide a useful indicator of the level of recombination in a population, if that recombination 
is local.  This may, however, require a reconsideration of the meaning of values of IA. The 
authors caution that the use of absolute values of IA cannot be used to infer the presence of 
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linkage equilibrium.  However, in the first instance, these results demonstrate that IA may 
relate well to the rate of recombination in a population, for a given underlying population 
structure.  However, if these results are tested for significance, they produce results which 
show the presence of significant linkage disequilibrium in all cases.  This suggests that the 
test may be too stringent.  The results show that IA could be an effective measure for 
detecting recombination in a population, but would require a statistical test which could 
correct for the effects of population substructure. 
Based on previous results the method should perform better when global recombination is 
present.  In this situation, the effects of low migration rates are reduced.  This means that IA 
performs similarly across all the scenarios as an indicator of the rates of recombination within 
the population (Figure 5.4). 
 
Figure 5.4. Index of Association for populations undergoing global recombination.  Populations composed of 
1250 patches of 20 individuals.  Populations are produced using a per locus, per generation, per capita mutation 
probability of 0.0001, making use of the Scenarios described previously. Each datapoint is produced by 250 separate 
runs of the model. 
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For all of the scenarios, when recombination is global, IA shows a marked change as the rate 
of recombination is increased.   All four scenarios now produce median IA values of less than 
0.5 for an r/m of 10.  An r/m of 1 returns a median IA of between 1 and 2 for all scenarios, 
and an r/m of 0.1 returns a median IA of between 2 and 3 for all scenarios.  These results 
show that in most conceivable populations, if recombination is global, IA could provide a 
good indicator as to the level of recombination within a population – and suggests that where 
recombination is global, absolute values of IA might be usable as a measure of the level of 
recombination in a population.  
5.3.2 Using the Allelic Mismatch and Nearest Neighbour Distributions to 
Describe a Population 
Gst and IA can individually be used to examine populations and their results may indicate the 
presence of particular characteristics.  However, these methods provide no indication as to 
the diversity in a population, nor do they necessarily distinguish between the effects of 
processes such as migration, turnover and recombination.  Is it possible to produce a statistic 
or method that allows us to infer characteristics about the population structure and diversity 
simultaneously? In [1] the authors proposed that two distributions – the allelic mismatch and 
Nearest Neighbour – could be used in order to describe bacterial populations. The allelic 
mismatch distribution is generated by performing a pairwise comparison between the 
genotypes of all of the individuals in a population.  The distribution is created by calculating 
the proportion of the comparisons identical at all loci, all but one loci, all but two loci and so 
on. This produces a set of data points equal to the number if loci being examined plus one. 
The value at each point in the distribution corresponds to the probability of picking two 
individuals that are identical at exactly the specified number of alleles. The authors used the 
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allelic mismatch distribution to predict the rates of recombination and mutation in three 
bacterial species, by fitting the mismatch distribution of a sample using the neutral 
microepidemic model.  When it was presented, the authors considered the model in the 
context of a single patch.  The results in chapters 3 and 4 demonstrate that subdivided 
populations under neutrality can produce populations that are very different to those that are 
produced by single patch models. To investigate the effect that turnover and migration have 
on the allelic mismatch distribution, I examined the allelic mismatch distributions over a 
range of migration and turnover parameters, using the model framework.  This revealed 
several broad trends, which are summarised in Figure 5.5. 
Figure 5.5. The allelic mismatch distribution and how it varies with increasing migration and turnover. The 
simulations used the four scenarios as described previously from a population of 1250 patches of 20 individuals.  The 
simulations were produced with a per locus, per capita per generation mutation probability of 0.0001. Bar charts are 
produced from 250 separate simulated populations.  Red is the 1st – 2ndquartile, blue is the 2nd - 3rd quartile.  Error 
bars represent the absolute maximum and minimum recorded by the simulations. 
Scenario 1 Scenario 2 
Scenario 4 Scenario 3 
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These results contain features that result from the balance between turnover and migration in 
populations with local recombination.  In the populations where patches are isolated with 
infrequent turnover (Scenario 1) the presence of the homogeneity within each patch 
combined with low migration rates discussed in Chapter 3 results in a large proportion of the 
pairwise comparisons between individuals in the population (those between individuals in 
different patches) being between individuals that are dissimilar at all loci.  This is as a result 
of the divergence of populations for a long period of time.  Increasing the rate of migration 
reduces this proportion (as in Scenario 2), and results in a situation where more of the 
comparisons are between individuals that are similar, shifting most of the distribution up.  
The introduction of a high rate of turnover to the isolated patches results in a flattening of the 
distribution (as in Scenarios 4).  If both a high rate of turnover and migration are present 
(scenario 3), the distribution is also flattened, but not to the same extent of that produced by 
the population without migration.  In the case of scenario 3, the presence of a higher rate of 
migration than scenario 4 enables the dissemination of diversity around the population, 
resulting in more diverse patches compared with scenario 4. The higher migration rate 
therefore enables the maintenance of more distinct lineages than is the case when the 
migration rate is low, and this produces a distribution that is less flat as a result.  In several 
cases in chapter 2, increasing the rate of local recombination had little effect on the observed 
homozygosities. When the allelic mismatch distributions produced above are considered, the 
reasons for this are clear. In most populations the probability of picking two individuals that 
are alike at 6 loci is very small. As each recombination event occurs at only one locus at a 
time, increases in the rate of recombination will have more of an effect further down the 
distribution.  As a result, increasing the rate of local recombination has an obvious effect on 
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the allelic mismatch distribution, where its effect on homozygosity is more subtle  (Figure 
5.5). 
 
Figure 5.6.The effect of increasing recombination rate on the allelic mismatch distribution. Simulations were 
performed under high rates of migration and turnover ("Scenario 3") from a population of 1250 patches of 20 
individuals.  Simulations produced with a per locus, per capita per generation mutation probability of 0.0001. Bar 
charts are produced from 250 separate runs of the model. A is produced with an r/m of 0.1 and B is produced using 
an r/m of 10. Red is the 1st – 2ndquartile, blue is the 2nd - 3rd quartile.  Error bars represent the absolute maximum 
and minimum recorded by the simulations. 
Figure 5.6, showing the results for an r/m of 10 in scenario 3, demonstrates a pattern that is 
present – to varying degrees – in the results produced for the other scenarios.  Increasing the 
rate of recombination results in a situation where alleles are more evenly shared around a 
population.  This increases the number of comparisons between individuals where both 
individuals will have at least one allele in common.  This produces a ‘hump’ in the mismatch 
distribution. In the case of scenario 3, this is illustrated clearly because of the flatness of the 
distribution when recombination rates are very low, but a similar pattern (an increase in the 
proportion of comparisons between individuals that share at least one allele) is observed for 
0 
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the other scenarios. These results suggest that there may be distinct signatures within the 
allelic mismatch distribution from the effects of genetic events (recombination) and from the 
effects of population events (migration/turnover). 
When global recombination is present the distributions produced for the high migration 
scenarios (2 and 3) are very similar to those produced with local recombination. 
Recombination has the same effect – the production of a hump – in both cases. Unlike local 
recombination, global recombination has a similar effect across all of the scenarios, having a 
markedly larger effect in the low migration scenarios (1 and 4) compared with local 
recombination.  This is demonstrated clearly by comparing the local recombination results for 
scenario 4 with local and global recombination (Figure 5.7). 
 
Figure 5.7. Demonstrating the increased effect of global recombination in populations with low rates of 
migration.  Produced by a population under high rates of migration and low rate of turnover ("Scenario 4") from a 
populations of 1250 patches of 20 individuals.  Simulations produced with a per locus, per capita per generation 
mutation probability of 0.0001. A is produced using local recombination and B is produced using global 
recombination, in both cases an r/m of 10 is used.  Bar charts are produced from 250 separate runs of the model.  Red 
is the 1st – 2ndquartile, blue is the 2nd - 3rd quartile.  Error bars represent the absolute maximum and minimum 
recorded by the simulations. 
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Figure 5.8 demonstrates the effect of global recombination in spreading diversity around the 
population.  The presence of global recombination erodes the effect of low migration that 
inhibits the diversifying effect of  local recombination (figure 5.7 A), and as a result the 
allelic mismatch distribution for scenario 4 with global recombination (Figure 5.7 B) is very 
similar to the mismatch distribution produced by local and global recombination for scenario 
3.   Global recombination produces another notable effect in scenario 1 (Figure 5.8). 
 
Figure 5.8. The allelic mismatch distribution produced by global recombination in a population under low rates 
of turnover and migration (“Scenario 1”) in a population of 1250 patches of 20 individuals.  The per locus, per capita 
per generation mutation probability is 0.0001, and the r/m used is 10.  The distribution is produced from 250 separate 
runs of the model.  The circled data point is showing evidence of ‘excess homozygosity’. 
The combination of global recombination, isolation, and low turnover results in the 
production of a characteristic identified in [1] as an ‘excess of homozygosity’.  This feature is 
also present to a much lesser extent in the same scenario under local recombination  The 
feature is interesting as the production of this same feature in subdivided neutral populations 
produced from a single sampled generation was only possible using Scenario 1.  This is 
curious as the isolated, low turnover scenario is highly unlikely to explain the population 
structures of the pathogens investigated in [1].  A more likely source of this excess 
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homozygosity reported in the datasets examined in the neutral microepidemic paper is 
examined in more detail later in this chapter.     
The second distribution proposed as a way of describing a dataset in [1] is the ‘nearest 
neighbour’ distribution.  This distribution shows the similarity of members of the population. 
It does this by computing the number of loci at which each individual differs from the most 
similar non-identical individual in the population.  The proportions of the population whose 
‘nearest neighbour’ is 1, 2, 3 etc loci different are then displayed to make up the distribution.  
When local recombination is weakly present, the distribution provides limited resolution on a 
population-wide scale as turnover or migration are increased (Figure 5.9). 
 
Figure 5.9. Demonstrating the difference in nearest neighbor distribution produced by populations of 1250 
patches of 20 individuals under an r/m of 0.1 and per locus, per generation, per capita mutation probability of 0.0001 
in Scenario 4 (low migration, high turnover) and Scenario 2 (high migration, low turnover) compared with Scenario 1 
(low migration, low turnover).  Distributions produced from the results of 250 separate runs of the model. 
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The nearest neighbour distributions produced when the migration or turnover are increased 
are slightly different from one another –  increased migration in the absence of turnover 
results in a longer tail on some of the distributions reported, but it is very difficult to visually 
tell the distributions apart.  Increasing the recombination rate does have an effect (Figure 
5.10) but this too is somewhat limited. 
 
Figure 5.10. The effect of increasing the rate of recombination on the nearest neighbor distribution. Illustrated 
using the results from 250 separate runs of the model using populations composed of 1250 patches of 20 individuals 
with low migration and turnover.  Models were produced using a per locus per generation per capita mutation 
probability of 0.0001 and an r/m of 0.1 and 10, to demonstrate the effect of increasing recombination. 
Local recombination increases the number of isolates for whom the nearest neighbour is 2 
alleles or more different, but although present, this effect is likely to be difficult to use for 
differentiating between populations as the rates of migration and turnover are increased.  The 
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addition of global recombination has a further effect, increasing the proportion of isolates that 
are 3 or more alleles different (Figure 5.11). 
 
Figure 5.11. The effect of increasing introduction of global recombination on the nearest neighbor distribution. 
Illustrated using the results from 250 separate runs of the model using populations composed of 1250 patches of 20 
individuals with low migration and turnover.  Models were produced using a per locus per generation per capita 
mutation probability of 0.0001 and an r/m of 10. A is with local recombination B is with global recombination 
The fundamental problem posed by the nearest neighbour distribution is that for the scenarios 
where migration and/or turnover are present at a high level, the vast majority of isolates have 
a nearest neighbour that is different at only one locus. This results in a situation where the 
shape of the graph does not change noticeably with recombination, migration or turnover.  
The distributions are therefore difficult to distinguish between. The distribution is also 
difficult to use for separating populations as a similar shape is produced from the effects of 
migration or turnover. Recombination clearly does produce an effect; but it is less clear than 
that produced in the allelic mismatch distribution, and it cannot be used for further analysis 
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directly within a model such as the neutral microepidemic model – although it may provide 
an effective method for verifying the predictions of that model. 
5.3.3 Testing and Fitting the neutral model 
Chapter 3 served to demonstrate that ‘neutral dynamics’ can result in very different 
populations when other factors such as patch turnover and migration are present in 
subdivided populations. Chapter 4 demonstrated that selection can produce results that appear 
similar to the results produced by simple neutral dynamics in subdivided populations.  In this 
section I examine the performance of two tests based on neutral theory that can be used on 
genotype data to examine how subdivision and turnover affect these tests.  
5.3.3.1 The Ewens-Watterson Test 
The first test I examine is the Ewens-Watterson test of neutrality [7, 8].  The test examines 
the distribution of allele frequencies in a sample, and determines if, based on this distribution, 
the null hypothesis of neutrality can be rejected.  I make use of the exact test as described by 
Slatkin [129], implemented in the software package Arlequin [128]. The test produces a p-
value, that is then used to determine if the null hypothesis can be rejected.  To investigate the 
potential problems that were evident when comparing homozygosities in the results in 
Chapters 3 and 4 I examined the extent to which the test would erroneously reject the neutral 
hypothesis in populations simulated under the dynamics of the four scenarios, for varying 
rates of recombination. The two tailed test provides a method of testing for the presence of 
directional and balancing selection.  Directional selection results in a decrease in diversity of 
the population due to selection favouring particular individuals. Balancing selection results in 
an increase of diversity in a population due to selection favouring a more even distribution of 
allelic frequencies over the population. As a result, I break the test results down based on the 
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ability of the test to resolve these two features. The results produced for rejecting the null 
hypothesis of neutrality in favour of directional selection are shown in Figure 5.12.The 
results are produced by performing the Ewens-Watterson test on a set of simulated 
populations.  The results from the test are then examined and the proportion of the tests that 
show a significant result is computed.   
 
Figure 5.12. Demonstrating the extent to which the Ewens-Watterson test incorrectly allows the rejection of the 
null hypothesis when selection is absent, for the directional selection case.  Constructed from the results of 250 
separate simulated populations, characterized by 7 loci with a  per locus, per generation, per capita mutation 
probability of 0.0001.  Populations composed of 200 patches of 20 individuals, with migration and turnover rates as 
described previously. Proportions are the proportion of the Ewens-Watterson tests carried out on the populations 
which produce a significant result, supporting the rejection of the null hypothesis of neutrality. 
The results demonstrate that the method does not erroneously detect directional selection for 
populations that have low rates of turnover.  In the populations with high rates of turnover, 
the Ewens-Watterson test provides significant support for the rejection of the null hypothesis 
of neutrality in favour of directional selection in approximately 15-17% of the tests carried 
out (these range from 16.6% of tests for scenario 3 with an r/m of 0.1 to 15.2% of the tests in 
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scenario 3 with an r/m of 10 supported rejection of the null hypothesis).  Increasing 
recombination has a limited effect on the results (a decrease of 1.4% for scenario 3 and 0.1% 
for scenario 4 were recorded as the rate of recombination was increased).  These results 
reflect the observation in Chapters 3 and 4 that the bottlenecks associated with turnover may 
appear to be selective sweeps in some tests.  This part of the test appears to perform very well 
when turnover is low, with very few simulation results from scenarios 1 and 2 supporting 
rejection of neutrality.  This is perhaps not surprising, as without the frequent turnover events 
occurring in scenarios 3 and 4, the populations in scenarios 1 and 2 remain very diverse.  A 
more appropriate test for these populations is to examine if neutrality can be rejected in 
favour of the presence of balancing selection (Figure 5.13). The results from the test of 
balancing selection show that  
 
Figure 5.13. Demonstrating the extent to which the Ewens-Watterson test incorrectly allows the rejection of the 
null hypothesis when selection is absent, for the balancing selection case.  Constructed from the results of 250 
separate runs of the model at 7 loci with a  per locus, per generation, per capita mutation probability of 0.0001.  
Populations composed of 200 patches of 20 individuals, with migration and turnover rates as described previously. 
Proportions are the proportion of the Ewens-Watterson tests carried out on the populations which produce a 
significant result, supporting the rejection of the null hypothesis of neutrality. 
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although this test works well not to reject the neutral hypothesis for the scenarios that have 
high rates of patch turnover, it performs markedly less well when low rates of turnover are 
present.  Most strikingly, the test rejects in every case the neutral hypothesis for the 
populations from the low turnover, low migration scenario, scenario 1.  Interestingly, the test 
also supports rejection of the null hypothesis in 13.0 (r/m of 0.1) and 14.1 (r/m of 10) percent 
of the tests for scenario 2.  This is slightly more surprising as the relatively high rate of 
migration in these populations would suggest that a single patch method should perform 
better than it evidently does.  Similarly to the case with balancing selection, recombination 
has a much smaller effect on the results than turnover and migration, suggesting that these are 
important considerations when testing for neutrality using this test.   
5.3.3.2 The Neutral Microepidemic Model 
The second method that I examine which implements a neutral model to provide inference 
about a bacterial population is the neutral microepidemic model. The neutral microepidemic 
model was proposed [1] as a model that provides a good fit to the population genetic data for 
three widespread pathogens of man.  In addition to providing a better fit to observed data than 
a standard neutral model, the model provided a mechanism for estimating mutation and 
recombination rates for the samples considered.  The model was tested using simulations that 
did not take into account the effect of turnover and migration on populations. As the results 
here have demonstrated, subdivision can have a large effect on a population. I am interested 
to learn how good the models estimates of mutation and recombination are when subdivision 
is present.  To examine this, I make use of the results produced by the model framework over 
the four scenarios used previously. Examining the predicted rates of mutation compared with 
the actual scaled rates of mutation amongst simulated populations reflects that the observed 
rate of mutation may appear less (or more) than the actual rate, as a result of the effects of 
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turnover and migration.  Interestingly, in all cases, the estimates of the scaled rate of mutation 
are consistent within scenarios, even as the r/m is increased – reflecting the fact that the 
actual mutation rate is not changing (Figure 5.14) 
 
Figure 5.14. The performance of the neutral microepidemic model in estimating the rate of mutation in a 
subdivided population of 1250 patches of 20 individuals, under varying r/m values with local recombination.  Each 
point is produced from the results of 250 separate runs of the neutral microepidemic model, each run on a separate 
simulated population. A per individual per locus mutation probability of 0.0001 is used is used in all cases. 
This pattern shows the effects of demography on the estimates of the scaled rate of mutation, 
and also serves to demonstrate that the model performs well in many situations. The model 
performs best when migration is high and turnover is low (Scenario 2).  The model 
overestimates the scaled rate of mutation for the isolated, low turnover population (Scenario 
1). Slightly surprisingly the model also performs reasonably well in the two high turnover 
scenarios (3 and 4).  The introduction of global recombination improves this performance 
further for scenarios 3 and 4, but produces a worse fit for the low turnover high migration 
case than was produced by local recombination.   
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A different pattern is observed when the estimates of recombination, as opposed to mutation, 
are observed.  In the simulations with local recombination, the model performs best in 
scenarios 1, 2 and 3 (Figure 5.15). 
 
Figure 5.15. The performance of the neutral microepidemic model in estimating the rate of recombination in a 
subdivided population of 1250 patches of 20 individuals, under varying r/m values with local recombination.  Each 
point is produced from the results of 250 simulated populations, each fitted to the neutral microepidemic model. A 
per individual per locus mutation probability of 0.0001 is used is used in all cases. 
In contrast with the results produced for the estimation of the mutation rate, the median 
results produced by the model give recombination estimates that are approaching the true 
value in scenario 1, as well as for scenario 2 and the lower r/ms for scenarios 3 and 4.  The 
model performs very well in the case of scenario 2, with good estimates also being produced 
in scenarios 1 and 3.  Scenario 4 shows increasing underestimation of the rate of 
recombination as the r/m is increased, this is as a result of the low rates of migration 
combined with the high rates of turnover that reduce the effect of local recombination. This 
effect was reflected in the homozygosities considered in Chapter 3, and results in 
underestimation by the neutral microepidemic model. In addition, where rates of 
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recombination are low, higher variances in the estimated rate of recombination are observed, 
for all of the scenarios considered. If recombination is global, the model produces median 
results which are reasonably consistent across scenarios, and approach the same value as the 
true rate of recombination in all of the scenarios except scenario 1, where the rate of 
recombination is overestimated (Figure 5.16). 
 
Figure 5.16. The performance of the neutral microepidemic model in estimating the rate of recombination in a 
subdivided population of 1250 patches of 20 individuals, under varying r/m values with global recombination.  Each 
point is produced from the results of 250 simulated populations, each fitted to the neutral microepidemic model. A 
per individual per locus mutation probability of 0.0001 is used is used in all cases. 
In the presence of global recombination the median values obtained are more consistent 
compared to when recombination is local. In comparison with the local recombination results, 
the 1-3rd quartile range straddles an estimated/actual rate of 1 in all of the r/ms considered for 
scenarios 3 and 4. However, large variances are still present, most notably at low r/m values, 
suggesting that the model has trouble accurately estimating rates of recombination when they 
are much lower than the rate of mutation. In general the presence of global recombination the 
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model appears to produce estimates of the scaled rate of recombination that are larger than 
those produced by local recombination. However in Scenarios 2, 3 and 4 the model appears 
to perform reasonably well for the higher r/ms (1 and 10), although scenario 1 clearly 
presents a difficulty for this method; with the high diversity present in these populations 
resulting in high estimates for both the rate of recombination and mutation. 
5.3.4 Sampling Effects 
All of the methods considered to this point have been viewed in the context of whole 
population data.  At the present time it is very unlikely that any researcher would find 
themselves with a dataset that contains an exhaustive global sample of all extant diversity in a 
population.  Therefore, I make use of the sampling components of the framework to assess 
the effect of sampling on several of the methods considered.  The effects of sampling on IA 
and Gst were limited, and the results are included in the appendix. 
5.3.4.1 Homozygosity, the Allelic mismatch Distribution and the Neutral 
Microepidemic Model 
The use of a subsample produced by oversampling individual ‘patches’ – such as typically 
occurs when sample collections are produced by intensive sampling of a single area - in the 
calculation of the allelic mismatch distribution will have the effect of producing a distribution 
where a larger proportion of the comparisons used to produce the distribution are between 
individuals located within the same patch than would be the case on a population level, when 
the subsample is produced by sampling extensively from relatively few patches.  This is a 
particular problem when examining bacterial pathogens as many collections of samples will 
be taken from single outbreaks (such as daycare centres as in [130]), or in the cases of longer 
term studies where a pathogen persists over time, single locations (such as a hospital as in 
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[131]). If the diversity within patches is reflective of the diversity across the population as a 
whole, this is not a problem; however, in pathogen populations the bottlenecks followed by 
expansions associated with these ‘microepidemics’ will result in ‘patches’ which will tend 
towards homogeneity.  This means that if a sample is produced by combining relatively few 
patches that are heavily oversampled, any allelic mismatch distribution (or, indeed, other 
homozygosity based statistic that could be used) produced directly from the population data 
will be affected by an overabundance of within patch comparisons, compared to the case if 
the whole population were used.  In patches which tend towards homogeneity, this will 
increase the proportion of identical comparisons in the resulting distribution.  This means that 
at a multilocus level the homozygosity for the population will appear to be higher than it is in 
actuality. In practice this results in the allelic mismatch distribution that has a definite uptick 
in the proportion of comparisons that are different at no loci (Figure 5.17). 
 
Figure 5.17. Showing the increase in excess homozygosity for a sample of 20 patches of 20 individuals from a 
population of 1250 patches as the ratio of recombination to mutation is increased from 0.1 (A) to 10 (B). Populations 
have low rates of turnover and high rates of migration (Scenario 2). Simulations were produced with a per locus, per 
capita per generation mutation probability of 0.0001. Bar charts are produced from 250 separate runs of the model.  
Red is the 1st – 2ndquartile, blue is the 2nd - 3rd quartile.  Error bars represent the absolute maximum and minimum 
recorded by the simulations.  For reference, the whole population mismatch distribution is shown in Figure 5.18. 
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Figure 5.17 demonstrates the presence of the uptick both when the recombination rate is low 
(r/m of 0.1, in A) and high (r/m of 10, in B).  The results suggest that this effect is 
accentuated by recombination, with an increased recombination rate producing a more 
obvious difference between the proportion of identical comparisons and comparisons that 
differ at one locus.  This effect was present in all four of the scenarios tested when local 
recombination was used, and in all cases the effect was reduced by increasing the number of 
sampled patches.  The uptick in the distribution was removed by the time half of the total 
patches in the population had been sampled in all cases.  These results were repeated when 
global recombination was used.  This uptick in homozygosity is similar to that reported in the 
original neutral microepidemic paper, that the authors termed ‘excess homozygosity’.  The 
presence of this excess homozygosity provides an indication as to the presence of a sampling 
effect on the data used in that study. One possible way to mitigate this when using samples 
which come from well sampled, well defined patches, is to attempt to use only between patch 
comparisons for constructing the mismatch distribution and/or calculating homozygosity.  If 
this is done, then if the population’s patch structure has been correctly determined, using 
between patch comparisons only should produce a mismatch distribution that is closer to the 
population-level value, than that produced by computing homozygosity and the mismatch 
distribution from all comparisons within the sample (Figure 5.18).   
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Figure 5.18. Showing the effectiveness of using only between patch comparisons to correct for the effects of 
excess homozygosity produced when sub-sampled populations are used.  Produced from a population of 1250 patches 
of 20 individuals under a local recombination rate 10 times larger than the rate of mutation. Populations are under 
low rates of turnover with high rates of migration (Scenario 2). Simulations produced with a per locus, per capita per 
generation mutation probability of 0.0001. Bar charts are produced from 250 separate runs of the model.  Red is the 
1st – 2ndquartile, blue is the 2nd - 3rd quartile.  Error bars represent the absolute maximum and minimum recorded by 
the simulations. 
Figure 5.18 demonstrates that this method can work to remove the signature of excess 
homozygosity.  This performance is repeated for the other scenarios in cases where 
recombination is local and where it is global; the use of between patch comparisons 
eliminates the excess homozygosity detected when the mismatch distribution is produced by 
using all pairwise comparisons in a sample. This leads to the question of how this affects the 
performance of the neutral microepidemic model.  In their original paper the authors suggest 
that the metaparameter he is partly present to correct for the effects of over-sampling due to 
microepidemics within populations, which results in excess homozygosity being present.   
172 
 
To assess the extent to which he detects the presence of sampling effects, I examined sampled 
populations produced by taking 20 patches of 20 individuals from simulated populations of 
1250 patches of 20 individuals.  I used these sub-samples to produce two allelic mismatch 
distributions; one computed from all of the pairwise comparisons in the sample, the other 
produced using only those pairwise samples that are between individuals from different 
patches.  I was then able to compare these with the results produced by the whole population 
allelic mismatch.  The results showed that using a small number of patches resulted in a large 
he, while the correction suggested above resulted in an he that was much more similar to that 
produced by the whole population (Figure 5.19). 
 
Figure 5.19. Showing how the size of he changes depending on the allelic mismatch distribution used to fit to the 
neutral microepidemic model.  Produced from a population of 1250 patches of 20 individuals under local 
recombination. Populations are modeled under low rates of turnover with low rates of migration (Scenario 1). 
Simulations produced with a per locus, per capita per generation mutation probability of 0.0001. Bar charts are 
produced from 250 separate runs of the model.  Red is the 1st – 2ndquartile, blue is the 2nd - 3rd quartile.  Error bars 
represent the absolute maximum and minimum recorded by the simulations. 
Figure 5.19 shows the he for Scenario 1, but this pattern is repeated for all of the scenarios 
considered. When it is used to analyse the populations the neutral microepidemic model 
produces he values that are around 0 for the whole population sample, and the sample using 
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between patch comparisons only.  In the sample where the allelic mismatch distribution is 
produced without correcting for within patch comparisons, a much larger he is produced. 
These results are repeated when the populations are produced using global recombination 
(Figure 5.20). 
 
Figure 5.20. Showing how the size of he changes depending on the allelic mismatch distribution used to fit to the 
neutral microepidemic model.  Produced from a population of 1250 patches of 20 individuals under global 
recombination. Populations are under low rates of turnover with low rates of migration (Scenario 1). Simulations 
produced with a per locus, per capita per generation mutation probability of 0.0001. Bar charts are produced from 
250 separate runs of the model.  Red is the 1st – 2ndquartile, blue is the 2nd - 3rd quartile.  Error bars represent the 
absolute maximum and minimum recorded by the simulations. 
The introduction of global recombination produces less uniform he values for the all-
comparisons subsample than was the case with local recombination, as the r/m is increased. 
This occurs because global recombination helps to distribute diversity amongst the 
population by shuffling alleles between individuals in different patches. As a result, in 
populations where global recombination is present, patches are less different to one another 
than they are in populations with local recombination, and so the excess homozygosity 
produced by sub-sampling is less.  However, as is evident from Figure 5.20, populations 
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under likely rates of recombination will still show large amounts of excess homozygosity 
when tested if the allelic mismatch distribution is produced using all pairwise comparisons in 
a sample.  The excess homozygosity reduces the accuracy of the estimate of the mutation and 
recombination rates, but the correction provided by he produces results that although 
different, are similar to the whole-population results.  
Fraser et al designed the neutral microepidemic model to take into account sampling bias 
within the samples that they were examining.  Specifically the model was designed to 
account for the effects of using relatively few heavily sampled populations in their analyses.  
However, other than through the values of he produced, they did not demonstrate the 
presence of this sampling bias, nor did they demonstrate that he accounted for it. In the 
original neutral microepidemic paper the authors combine two geographically separated 
pneumococcal studies together to produce a single dataset.  This provides an opportunity to 
test the predictions made by the simulation results.  If these geographically separate 
populations have sufficient structure for sub-sampling to have an effect as envisaged above, 
then combining these studies would have the consequence of producing a dataset where a 
disproportionate number of the comparisons used for generating the allelic mismatch 
distribution would be between individuals located in the same ‘patch’.  If the same effect 
detected above is present, we could make two predictions about the allelic mismatch 
distribution and performance of the neutral microepidemic model for this dataset.  These are; 
1. That some of the excess homozygosity will be because of an overrepresentation of 
within-patch comparisons in the dataset 
2. That using only between patch comparisons would reduce sampling bias (and 
therefore he) and homozygosity 
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Since we don’t know the actual patch boundaries, it is impossible to define exactly which 
comparisons are ‘between patch’ and which comparisons are ‘within patch’.  However, it 
may be possible to treat the two studies as two separate patches, because of their geographic 
isolation.  If this is done, and the allelic mismatch distribution and neutral microepidemic 
model are rerun, then both of the two predictions are shown to be correct (Figure 5.21). 
 
Figure 5.21. Showing the effect of the correction on the allelic mismatch distribution and results produced by the 
neutral microepidemic model for the Oxford and Finland datasets used in [1]. 
The results show that, as expected, the correction reduces the excess homozygosity (from 
0.0224 to 0.0176) and that the use of the sample with between patch comparisons only results 
in a reduction of he.  In the opposite direction, the use of within patch comparisons only is 
also consistent with local microepidemics.  Using within patch comparisons only results in an 
increase in both the excess homozygosity and he, compared with the combined dataset. These 
results serve to demonstrate that if multiple ‘patches’ are utilised in connection with allelic 
mismatch distributions or homozygosity calculations, the effect of these can be easily 
corrected for. The pneumococcal example results in a relatively small difference; and serves 
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primarily to illustrate how this method could be employed, in real datasets.  In other 
populations whose patches are more isolated, or populations that are more firmly defined, this 
error could cause a much larger deviation to the result, and as such the correction is 
recommended for these situations. The results also suggest that he may be detecting more 
than just sampling bias, as the model can produce non-zero values for he in populations 
where a complete sample is provided, or sampling bias is completely corrected for.  One 
possibility is that it may be detecting some of the underlying substructure in the population. 
This would be unsurprising as the effect of subdivision in a population results in a divergence 
from the expectations of a single patch neutral model, and he is designed to correct for the 
effects of a deviation which result in an incorrect estimate of the homozygosity in a sample.  
However, the precise meaning of the deviation of he from zero in whole population samples 
was not a subject I was able to fully examine over the course of this work.  It should also be 
noted that other forms of subsampling a population are possible, most obviously the 
production of samples which are produced by randomly picking individuals from the 
population.  These are not considered here because the neutral microepidemic model is 
designed to examine samples which are produced by the oversampling of patches, and as 
such the application of the model to other types of subsampled data would be inappropriate. 
5.3.4.2 Temporal Sampling and eBURST 
In addition to the inability to simulate, using whole population data, populations showing 
‘excess homozygosity’, I also observed that the results produced by neutral models do not 
appear to be similar to the ‘population snapshots’ (an eBURST diagram produced using all of 
the isolates in an MLST database at one time) of MLST databases as visualised by eBURST 
[6].    In particular, there are two features that are lacking from neutral model results. These 
are; 
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1. The large radial clonal complexes (a clonal complex is the group of isolates which 
are grouped together based on shared alleles by eBURST) 
2. The large number of singletons (STs that are different at more than one locus to 
their nearest neighbour, and as such are not grouped into a clonal complex by 
eBURST) 
Examples of these two characteristics are shown in Figure 5.22.   
 
Figure 5.22. Illustrating some of the differences between the populations produced by simulation and those 
present in the database.  Simulation result is for comparison only, and is produced from a population of 2500 patches 
of 20 evolving with a per mutation probability of 0.0001 and an r/m of 10 under low extinction and high migration 
(Scenario 2). 
In the case of feature 2 this characteristic is readily explainable.  The neutral model output 
does produce singletons (Figure 5.22) but these are at a lower frequency than those found in 
the MLST databases.  This feature is most likely to be due to the incomplete sampling that is 
present in the MLST databases. Most MLST submissions will be related to disease, most 
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usually of humans.  As a result, it is likely that there are many clonal complexes whose 
isolates rarely cause disease, and as such are very rarely sampled.  When they are, it is 
unlikely that other members of the same clonal complex will be found in the database 
already. As a result, when these are added, they will appear within eBURST as singletons. It 
is therefore likely that singletons are simply the result of a large amount of unsampled 
diversity in the population. 
The existence of feature 1 - the large radial clonal complexes is harder to explain. Very high 
rates of mutation could conceivably recreate the characteristic, but the rates of mutation of 
many of the species where this occurs are well understood, and are known not to be 
excessive.  The answer most probably lies in one of the unique features of the MLST 
databases.  The databases contain data for relatively few genes but they hold this data for 
many individuals within each species, collected over a long time period (in the case of the 
older databases, over 10 years).  Population genetic models are usually implemented to 
produce output from a single generation.  As a result, they fail to take into account the effect 
that the ongoing evolution of a species would have on the way that samples collected for 
MLST databases would appear when viewed en masse.  To investigate if this temporal 
sampling could produce these large radial groups – and examine its other possible effects on 
MLST data, I used the model framework to output populations produced by combining the 
STs present in several generations.  The resultant ‘population snapshots’ show clonal 
complexes becoming increasingly radial as more samples are combined, while features such 
as the ‘straggly groups’ identified previously [70]become more marked (Figure 5.23). 
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Figure 5.23. Illustrating the effects of increasing recombination and increased temporal sampling on eBURST 
population snapshots.  Populations are intended for demonstration purposes. Simulations produced using 
populations of 2500 patches of 20 individuals evolving with a per locus, per individual mutation probability of 0.0001 
under low turnover and high migration.  Three recombination rates are presented, from left to right these are 0.1, 1 
and 10. Temporally sampled populations are produced by combining the populations present in each generation to 
form one large population that is then examined 
The build-up of the radial clonal complexes is similar to the process that has occurred in the 
MLST databases.  If the STs in the Neisseria database are divided up by year of submission 
and eBURST is used to view how the population snapshot changes as more years are added, a 
similar pattern to the one observed above is evident (Figure 5.24). 
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Figure 5.24. Snapshots produced by eBURST of STs included in Neisseria database submissions  broken down 
by year, with the cumilative 'population shapshot' shown as time goes on.  Diagrams on the left are from the denoted 
year.  Diagrams on the right are from the denoted year plus those from the previous years. 
These data suggest that the population snapshot in eBURST should therefore be treated with 
caution as a representation of extant population diversity, and that the links – particularly 
between clonal complexes – should be viewed as a suggestion of a possible relationship that 
would need to be confirmed by further, deeper analysis of the isolates involved.  Population 
snapshots have been used to attempt to infer population characteristics previously [132, 133] 
and this result suggests that conclusions based on population snapshots should probably be 
re-examined.  The population snapshot does not represent the diversity of a population at any 
one time, rather, it represents a history of the diversity that has been present in the population 
– if only for a short time.   The ultimate effect of continual temporal sampling is the 
Year         eBURST of STs found that year  eBURST of Cumulative Dataset 
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domination of the population snapshots by relatively few ‘supercomplexes’, particularly 
where the rate of recombination is high relative to the rate of mutation. 
This figure demonstrates that the ultimate effect of continued temporal sampling is the 
production of ‘supercomplexes’ containing several ‘clonal complexes’.  This process already 
appears to be occurring in the largest MLST databases (Figure 5.25 A) and will continue as 
more samples are added. 
 
Figure 5.25. The development of ‘supercomplexes’ in MLST databases – the example of the Streptococcus 
pneumoniae“ ST 156 Clonal Complex” (A)  and the creation of 'straggly' groups in infrequently recombining 
populations such as Staphylococcus aureus ST 15/1 Clonal Complex(B) 
The speed at which these supercomplexes form will depend on the amount of the diversity in 
the population sampled per unit time and the rate of recombination in the population.  
Simulations showed that the higher the rate of recombination, the faster supercomplexes form 
from temporally sampled data.   This effect can be considered to be related to the ‘straggly 
A                                                          B 
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groups’ phenomenon reported previously, as temporal sampling accentuates the straggly 
groups in recombinogenic bacteria. However, while ‘straggly groups’ provide an effective 
indication as to the presence of a high rate of recombination in a population, under some 
sampling schemes, straggly groups could end up forming in populations with low rates of 
recombination.  The joining up of several large clonal complexes that occurs in the 
population snapshot for the infrequently recombining bacteria Staphylococcus aureus is an 
example of how a straggly group could form as a result of the sampling in a database, rather 
than the underlying rate of recombination (Figure 5.25 B). 
5.4 Discussion 
5.4.1 Single Figure Metrics 
The single figure metrics demonstrated that these can provide some interesting information 
about populations, but this information is likely to be general in nature.  They also show that 
while the use of a single metric on its own to describe a population is unwise, combinations 
of metrics could be used to successfully draw out some of the features of populations.  Gst 
performed well at indicating populations where inter-patch migration was low, but could not 
distinguish between different rates of inter-patch gene flow in the form of global 
recombination.  Even in situations where between patch migration was frequent the Gsts 
obtained were still relatively high, and the introduction of turnover increased the Gsts further.  
The results show that Gst can provide a measure of population differentiation in these 
populations, but is unsuitable for distinguishing the dynamics at work.  The results also 
highlight the fact that Gst is quite clearly not an analogue for the effective population size, 
with the two high Gst populations (from Scenarios 1 and 4) being the populations that are 
most different in terms of their population level diversity and strain count, but having very 
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similar Gsts.  These results do suggest, however, that the use of Gst alongside homozygosity 
may help to distinguish the effects of migration and turnover; as long as patch boundaries can 
be clearly delineated in the samples being considered.  Gst also performed very well when 
samples were used, and the results demonstrated that where populations have clearly 
identifiable ‘patches’, Gst performs similarly whether a small subsample or the whole 
population are used (see Appendix for figure).     
On first examination IA performs remarkably well in differentiating rates of recombination 
within scenarios. When recombination is local, aside from scenario 4 where turnover is high 
and migration low, IA is able to detect a difference as the r/m is increased for all of the other 
scenarios.  When recombination is global, a difference is detected in all of the scenarios 
considered.  These results are mostly repeated when samples are used – although sampling 
reduces the performance of IA in populations from Scenario 1 where recombination is local, 
and in general increases the values of IA produced (see Appendix for results). The only 
possible issue with these results comes when the results are considered individually, as they 
would be in the real world.  The IA in these populations – even when the r/m is at its highest – 
is relatively high.  IA’s in the region of 1-2 were considered ‘clonal’ when the method was 
originally proposed, and so quite clearly, even when recombination is relatively frequent, if 
these results were produced in the real world they could be considered to be ‘clonal’.  One 
way to examine these is in the context of other statistics such as Gst or homozygosity.  
However, even doing this it would be difficult to provide an exact set of guidelines for what 
constitutes ‘high’ IA or ‘low’ IA.  The problem arises because there is no appropriate scale for 
IA. In the case of Gst and homozygosity the maximum value is 1.  In the case of rates of 
mutation and recombination, these values are understood because they relate directly to the 
processes concerned.  The programme START implements the method originally outlined for 
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testing for the presence of a significant difference from 0 in the IA of a sample [99]; however 
when I tested the method using simulation outputs the IA’s produced always resulted in 
populations that showed a significant difference from zero and were therefore ‘clonal’ by this 
test. Part of the problem may be the effect of the very large number of samples used, but with 
the increasing availability of large datasets this is fast becoming a fact of life for population 
geneticists.  While IA is clearly sensitive to the effects of recombination in whole population 
samples and subsamples, an adequate method needs to be found to link IA to the rate of 
recombination in a sample in order for it to be a truly informative measure of a population. 
However, it should also be noted that Maynard Smith et al warned against using absolute 
values of IA as a guide to the degree of clonality; although the results do demonstrate that in 
populations where recombination is ‘global’, it may be appropriate to do so. 
5.4.2 The Allelic Mismatch and Nearest Neighbour Distributions 
The allelic mismatch and nearest neighbour distributions both appear to change as 
recombination is increased, and also as mutation and turnover rates are modified.  Turnover 
in particular produces a distinct signature within the allelic mismatch distribution, resulting in 
a flattening of the distribution.  The presence of recombination also produces a discernable 
signature, increasing the proportion of individuals that share alleles at one locus or more.  
The extent of the effect is dependent upon the underlying dynamics, with the most obvious 
effect being present in scenario 3, although a discernable effect is present in all of the other 
scenarios.  This ‘hump’ in the distribution compared to the case where recombination is 
low/absent is a useful indicator of the presence of recombination within a dataset.  The exact 
position of the hump will depend on the underlying distribution (whose shape will depend on 
the balance of processes such as migration and turnover in the population).  The effect of 
recombination is each event results in the import of 1 allele from one individual into another. 
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This means that recombination will work to disproportionately increase the number of shared 
alleles in a population.  The extent to which this affects the distribution will depend on what 
the most frequent pairwise comparison in a population is (and the number of alleles per 
locus).  If, for example, the most frequent pairwise comparison in the population is between 
two individuals that are identical at no loci, then the most frequent recombination event will 
result in the sharing of 1 allele between two individuals that are dissimilar at all loci.  This 
will increase the proportion of pairwise comparisons where the individuals are identical at 
one locus by 1.  This process, when at work in a population, ends up producing a hump in the 
distribution.   One of the other features of the mismatch distribution is the presence of ‘excess 
homozygosity’, similar in appearance to that described previously.  This feature was found in 
whole population samples only when migration and turnover were low (scenario 1).  This is a 
curious finding as the species examined in [1] – Streptococcus pneumoniae, Staphylococcus 
aureus and Neisseria meningitidis – are all populations where it would be very surprising if 
the populations had a low rate of inter-patch migration and turnover.  The reason for this 
excess homozygosity appears to be revealed when examining mismatch distributions 
produced by sub-sampling populations.  The excess homozygosity appears to be due – in 
some part at least - to the effect of population subdivision and sampling.  Simulations showed 
that if subsamples are used, the smaller the sample the larger the apparent homozygosity 
within a population.  Within the simulations – and to an extent in the real world – this is 
because of the homogeneity found in ‘patches’ of relatively short-lived pathogens.  When 
patches are pooled together, the resulting mismatch distribution will contain a larger 
proportion of pairwise comparisons between individuals originating from the same patch than 
would have been the case were the whole population sampled.  This means that when patches 
have limited diversity (as they inevitably do), the result is an excess of pairwise comparisons 
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between identical individuals than would be found in the population as a whole.  This appears 
within the allelic mismatch distribution as an elevated proportion of comparisons that are 
between individuals identical at all loci.  The tests of the allelic mismatch distribution showed 
that a value closer to the population level value could potentially be obtained by using only 
between patch comparisons for constructing the mismatch distribution, although this would 
require information on what constitutes a ‘patch’.  These results suggest that measures of 
homozygosity may be improved by taking into account the distribution of individuals 
between patches when homozygosity is calculated.  Total homozygosity could be calculated 
using all of the pairwise comparisons in a sample, and used, but should probably be 
compared with between-patch homozygosity to provide an indication of what the population-
wide homozygosity is likely to be. If there is a large difference in these two values, then it 
may suggest the presence of serious sampling effects. When this approach is applied to the 
allelic mismatch distribution, this produces distributions more similar to the population level 
distribution, with the result that when used in the neutral microepidemic model he is reduced, 
and results closer to the population level estimates are produced.  
The nearest neighbour distributions also potentially provide a method to compare 
populations, and assess the fit of one model with data, as used in [1]; however, they are 
difficult to interpret, and the effects of migration and turnover are difficult to disentangle 
from one another.  They are also hampered by the fact that unlike the mismatch distribution, 
they possess a similar shape as migration, turnover and, to an extent, recombination are 
varied.  They may provide an appropriate method for an extra level of testing when 
comparing real world data with simulated data, but on their own they do not provide useful 
mechanisms for inferring population characteristics.  
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5.4.3 The Neutral Microepidemic Model 
The results demonstrate that the neutral microepidemic model performs best when gene flow 
between patches is highest.  This means that in situations where recombination is global (i.e. 
individual genes are moving between individuals in different patches) or when migration 
rates are high (where groups of genes are moving between patches in the form of an 
individual) the model performs best in estimating the ratio of recombination to mutation.  The 
model continues to perform well as the turnover rate is increased, as long as one of these two 
conditions is met, demonstrating that the model has a wide gamut where it provides good 
estimates for the r/m values and the absolute scaled rates of mutation and recombination. 
Where migration is relatively frequent and/or recombination is global the r/m was estimated 
well as the r/m is increased. As the migration rate is decreased, the model begins to perform 
less well, underestimating the r/m, particularly at the highest r/ms considered. This occurs 
because of the effect of isolation in patches.  Many isolated patches results in a situation 
where patches diverge from one another for a long time between migration events.  As a 
result, the observed diversity in the population is very high; with most patches being unlike 
other patches. The effect of infrequent turnover and migration is that most STs don’t spread 
beyond their own patches and those patches tend towards homogeneity.  As a result, this 
creates populations where the vast majority of pairwise comparisons within the population 
will be between individuals dissimilar at all loci.  As the neutral (and neutral microepidemic) 
model does not take into account the effects of migration and isolation, the model accounts 
for these effects using mutation and recombination, overestimating them.  The result from 
this is that in situations where migration and turnover are infrequent, the model will 
overestimate the ratio of recombination to mutation.  However, these circumstances are the 
only ones where the model performs poorly.  It seems clear that as long as a population has 
188 
 
migration or global recombination, then the model should perform well, even with the effects 
of population structure.   
The actual estimates of the rates of recombination and mutation are slightly less useful than 
the ratio, however.  These are limited in the sense that they can only represent observed 
values.  The differences between these and the actual values demonstrate how subdivision 
reduces the observed effect of mutation and recombination on populations.  The model is 
limited because it does not take into account the effect of turnover to purge diversity (and so 
reduce the observed rates of mutation and recombination) and the effect of isolation to 
increase it (and so push up the observed rates of mutation and recombination). However, 
despite these limitations it produces estimates of the rates of mutation and recombination in 
populations under the effects of turnover and migration that are similar to those that are 
present in the populations considered.  The model is therefore capable of providing a useful 
indication of the relative rates of mutation and recombination; but the absolute rates of 
mutation and recombination will be unlikely to be those predicted in any population whose 
structure deviates from a single patch.  This feature is important, as the extent of the effect of 
patch turnover and migration on estimating these parameters shows that with changes in the 
population structure of the bacteria (which could occur in pathogens, from changes in the 
behaviour of the host, for example) the underlying rates of recombination or mutation could 
bring about a large change in the levels of diversity observed in the population, just because 
of a new population structure.   
The results also serve to demonstrate that the parameter he appears to respond to the presence 
of bias within a sample due to the effects of patch structure when calculating the allelic 
mismatch distribution. Also, even when correcting for sampling bias, he can also still have a 
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non zero value.  This suggests that he may be detecting other features of the population, and 
could possibly be used to examine the underlying population structure in species examined 
using the model.   
5.4.4 The Ewens-Watterson Test 
The Ewens-Watterson test provides a method for directly testing population data to see if the 
null hypothesis of neutrality can be rejected.  The simulation results demonstrate that the 
effects of subdivision reduce the effectiveness of this test.  When subdivided populations 
have low rates of patch turnover and inter-patch migration the test erroneously supports the 
rejection of the null hypothesis in all of the simulations conducted.  In the other scenarios 
considered –where there is frequent migration and/or frequent turnover - the test supports 
rejection of the null hypothesis in 13-17% of the simulated populations that were examined, 
over a range of ratios of recombination to mutation.  These results reaffirm the problem 
observed in Chapter 3; subdivision can produce populations that have the signatures of 
selection, and the use of genotypic information is not sufficient to separate the effects of 
selection from results possible under neutral dynamics.  One possible fix for this test would 
be a modification of the p-values for which the test would be considered significant; 
however, while this would reduce the frequency of type 1 errors, this would increase the 
frequency of type 2 errors, reducing the power of a test of already limited power [134].  In 
addition, this would not help in the case of the results produced by scenario 1, as the p-values 
obtained for populations whose patches are isolated and have low rates of turnover were so 
low that such an adjustment would leave the test with no power to reject the null hypothesis 
at all, in terms of balancing selection.  These results serve to demonstrate the weaknesses of 
these tests, and the difficulties that exist in separating the effects of selection from those of 
patch dynamics such as turnover and inter patch migration. 
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5.5 Implications 
This chapter demonstrates that in most populations, summary statistics are unlikely to 
provide more than a general view of the processes at work in a population.  The results 
demonstrate the limitations in methods such as the Ewens-Watterson test of neutrality.    
These results demonstrate the need for new methods which can do a better job at inferring 
population characteristics from data. Until new methods can be fully developed and applied, 
we may be forced to continue using single methods with the limitations described here. The 
neutral microepidemic model performs very well to estimate the ratio of recombination to 
mutation, to an extent, the absolute rates of mutation and recombination, where between 
patch migration rates are relatively high, but is markedly less effective where patches have 
low between patch migration rates.  The results also showed that Gst performs well at 
indicating the presence of isolated patches, regardless of the effects of recombination or 
biased sampling (where well sampled patches only are used).  By combining Gst and the 
neutral microepidemic model, it may be possible to detect populations where the neutral 
microepidemic model should not be used; and to identify populations where we can have 
confidence in its estimates. However, no such combination with other tests would be useful 
for the Ewens-Watterson test.  This test is, in many cases, unsuitable for correctly rejecting 
the null hypothesis of neutrality. This serves to illustrate the more general finding that when 
considering populations with migration and turnover, the populations produced can appear 
very similar to those produced by selective sweeps.  The implication of this is, as was the 
case with other statistics considered, is that in many populations it may be impossible to infer 
much about the underlying dynamics of a population using the metrics considered here.  
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5.6 Conclusion 
In this chapter I have demonstrated the usefulness of several methodologies for inferring the 
characteristics of populations through the use of genotypic data.  I have demonstrated that 
single figure metrics such as Gst and IA can at best describe only broad trends in populations, 
and that they are likely to be difficult to interpret for use in describing the processes that are 
operating in a population. I also demonstrated that the trends in these metrics are useful even 
when population subsamples are used, although the meaning of their absolute values may 
need to be revisited, in order to ensure that useful conclusions are drawn from their results. I 
showed also that the nearest neighbour distribution provides limited information on the 
processes occurring in populations that it describes, and is probably only useful for 
comparing simulated populations with real ones.  
I demonstrated the effectiveness of the neutral microepidemic model for estimating 
parameters for many populations, identifying areas where it performs poorly, and indicating 
some of the reasons for these.  I have provided a possible explanation for the presence of 
excess homozygosity in bacterial datasets as described in [1], and I have provided a 
correction to deal with this sampling issue. I also have demonstrated how the effects of a 
further sampling issue – that of temporal sampling - present in the MLST databases can 
conspire to produce an unrealistic image of bacterial populations when these databases are 
visualised using methods such as eBURST and minimum spanning trees as implemented in 
BioNumerics [135].  I have also quantified the extent to which subdivided populations could 
create a false impression of the presence of selection when examined using the Ewens-
Watterson test.   These results collectively demonstrate that while useful information can be 
extracted from genotypic information, its use is inherently limited, and more powerful 
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methods are needed to draw out the information that is present in databases such as those that 
contain MLST data.  In the next chapter I explore a number of methods that make use of 
sequence data to infer the characteristics of populations, and in so doing provide results with 
more obvious meaning than the general results produced by statistics such as IA and Gst.   
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6 Chapter 6 Inference of Parameters from Populations Using 
Sequence Data 
6.1 Introduction 
The previous chapters have demonstrated some of the limitations which arise from the use of 
single figure metrics for describing populations.  The single figure statistics examined so far 
are capable of providing general information about the populations being considered.  Thus, 
the use of statistics such as Gst and Homozygosity may produce indications as to the nature 
of a population, but these cannot distinguish between several of the processes involved. 
These statistics also provide no method for detecting subdivision in a population. To examine 
features such as population sub-structure, other methods need to be used.  Clustering within 
populations into subgroups is not a new concept.  Classically, population subdivision could 
be achieved using a variety of pieces of information - biochemical, morphological, 
environmental which could then be mapped onto a tree.  Ultimately, however, actually 
subdividing a tree would be done by eye.  This approach has limitations that are both 
methodological and practical. Methodologically, different tree drawing algorithms may 
produce different topologies, and effects such as long branch attraction [136] and 
recombination [57] may create a tree which displays false relationships, or, in the latter case, 
may be an inappropriate model for the evolutionary history of the population. When a tree is 
produced it provides the researcher with a form of clustering; then comes the question of how 
do you define the boundaries of each cluster by eye? In the recent past the question was what 
constitutes a ‘clade’ on a tree with 50 nodes.  Dividing up relatively small numbers of taxa is, 
in many cases, simple to do by eye.  The question with modern datasets is now what 
constitutes a clade on a tree with 1,000 nodes? The modern question is far less trivial to 
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answer, especially if the ultimate aim of subdividing a tree is the classification of taxa into 
groups based on some measure of relatedness.  This poses a problem because very large 
numbers of taxa are difficult to display in a way that renders them readable while maintaining 
a view of the tree topology.  The problem is exacerbated by the presence of effects such as 
fuzzy species boundaries which make delineation between clades difficult [137], and artefacts 
of recombination such as long branch lengths , that also serve to confuse trees [57].  
Developing methods for the undirected clustering of sequence data has been an area which 
has seen a great deal of work in the last 10 years [2-4, 66, 138-141].  Unlike the single figure 
metrics examined in the previous chapters, the more modern methods for examining 
populations are based directly on sequence data.  These approaches implement statistical 
approaches that are more computationally intensive than those considered previously.  
In this chapter I will use the model framework to explore the effectiveness – and meaning – 
of the clusters/groupings produced by two popular methods that are commonly employed for 
asking questions of pathogen populations.  I will examine the clustering of data by the 
programmes Bayesian Analysis of Population Structure (BAPS) [2-4] and ClonalFrame [5].  I 
seek to examine the performance of these methods over a range of parameter values, 
identifying where they perform well, and where they perform poorly.   Both of these methods 
are also capable of doing more than simply cluster data; both feature capabilities which 
purport to enable deeper exploration of populations.  In the case of BAPS, the software 
implements methods for exploring admixture within populations.  The extent to which the 
detection of admixture correlates with rates of recombination is unknown.  In this chapter I 
explore the extent to which the detection of admixture in a population relates to the 
underlying recombination rate. In addition to its standard output, which describes the 
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relationships of samples which it has analysed, ClonalFrame features the option to estimate 
the scaled rates of mutation and recombination in populations.  In this chapter I also 
investigate the performance of ClonalFrame in estimating these rates using simulated 
populations. 
6.2 Programs Examined 
6.2.1 Bayesian Analysis of Population Structure 
Bayesian Analysis of Population Structure (BAPS) [2-4] is a software package which has 
been developed to cluster a population based on patterns of shared variation.   The program’s 
mixture model works to group a population into clusters whose members resemble each other 
as much as possible.  The model considers the sequence of multiple loci jointly, which 
enables the model to take into account patterns of variation across several genes 
simultaneously. The model assumes that the population is in Hardy-Weinberg equilibrium. 
The mixture model in a population of k parts is determined by a partition 𝑇𝑇 = (𝑒𝑒1, . . , 𝑒𝑒𝑘𝑘)  
which assigns the sampled individuals into k non empty clusters [142].  The assignment of 
individuals into clusters is done using the posterior distribution, given in [142] as;  
𝑇𝑇(𝑇𝑇|𝑖𝑖𝑃𝑃𝑃𝑃𝑃𝑃) = 𝑇𝑇(𝑖𝑖𝑃𝑃𝑃𝑃𝑃𝑃|𝑇𝑇)𝑇𝑇(𝑇𝑇)/� 𝑇𝑇(𝑖𝑖𝑃𝑃𝑃𝑃𝑃𝑃|𝑇𝑇)𝑇𝑇(𝑇𝑇)
𝑇𝑇∈𝛩𝛩
 
Where Θ is the space of possible partitions, p(data|S) is the marginal likelihood of the 
molecular data for the genetic mixture S and p(S) is the prior distribution of this structure 
parameter [142].  Initially the prior is set to a uniform distribution over the set of partitions 
restricted by an upper bound that is set by the user when the model is run.  This upper bound 
cannot be larger than the number of individuals being examined in the analysis. Initially the 
method produces a partition by assigning individuals one by one to clusters in order to 
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produce a partition with the highest possible posterior probability.  Following this the model 
makes use of a “greedy” stochastic search algorithm [143] to find the partition S with the 
highest posterior probability.  The algorithm is run multiple times to check the stability of the 
estimation procedure [144, 145]. The stochastic search algorithm performs the following 
operations repeatedly in order to improve the current partition; 
1. Moving individuals from one cluster to another in a stochastic order.  The change 
to the posterior probability is calculated with each move, and the algorithm will 
move the individual to the cluster that increases the value of the posterior most, or, 
if no increase is possible the algorithm will leave the individual where they are.   
2. The algorithm joins clusters.  The change for joining each pairing of clusters in 
the current partition on the posterior probability is calculated, and the algorithm 
joins the two clusters that provide the largest increase in the posterior, or it joins 
no clusters if no increase is possible 
3. The algorithm splits clusters using the Kullback-Leibler divergence between 
individuals the algorithm splits clusters into up to 20 subclusters and calculates the 
change to the posterior as a result of keeping one of the splits as a separate cluster, 
or by joining the splits to one of the clusters already present in the partition.  The 
new configuration (joining one of the introduced subclusters to a different cluster, 
or creating a new cluster) that improves the posterior most is kept, if there is no 
improvement then the split is not made. 
4. The algorithm performs another split, this time breaking clusters into two 
subclusters that are as homogenous as possible, the effects of these splits being 
left as new clusters, or being joined to other clusters is then calculated, with the 
change that results in the best possible improvement to the posterior being made, 
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or, where no improvement is possible, no change is made to the partition 
configuration. 
The optimisation operations are repeated in a random order until none of them improves the 
posterior probability of the current partition.   
The method performs similarly to STRUCTURE [66, 146], but by using the “greedy” 
stochastic search algorithm, as opposed to a Gibbs sampler [144, 145] (which assesses every 
possible change in all of the model parameters each iteration) for the optimisation step, BAPS 
is faster and much more scalable than STRUCTURE and other Bayesian approaches to this 
sort of clustering.  By jointly considering the patterns of variation over several loci 
simultaneously, the method should also provide meaningful clusters while taking into account 
the effects of recombination.  
The program also features an admixture model that analyses the results produced by a BAPS 
mixture (clustering) analysis. This method works because as part of the mixture analysis 
BAPS defines patterns of variation in the sequences analysed as being characteristic of 
particular clusters.  By analysing the patterns of variation in the individuals in the population, 
a BAPS admixture analysis can establish cases where an individual in one cluster harbours 
sequences characteristic of a different cluster [144, 145].  This means that not only can the 
method detect possible recombination, it can also determine the source and directionality of 
the recombination event.   In this chapter I will consider the performance of the BAPS 
clustering and admixture analyses using simulated populations.  I outline several situations 
where it performs well, as well as identifying features which should be considered when 
interpreting BAPS results.  
198 
 
6.2.2 ClonalFrame 
ClonalFrame is a software package developed to identify the clonal relationships in a sample 
by accounting for the effects of homologous recombination [5].  The program aims to 
reconstruct the clonal genealogy of a sample of strains.  In order to do this, the program 
models the mutation and recombination events that have taken place in order to bring about 
the observed branching of the genealogy.  The model employed by ClonalFrame uses a 
coalescent model approximating a Wright-Fisher model within which recombination and 
mutation can occur [5].  The model is a neutral single patch model, and does not allow for 
barriers to recombination within the history of the population. The model considers loci at the 
sequence level, modelling the evolution that occurs to individual base pairs. The coalescent 
model employed assumes that mutation and recombination occur at constant rates along the 
branches of the coalescent tree [5]. Mutations are assumed to affect a randomly selected base, 
and a mutation event will change one base into a different base with equal probability (i.e. the 
model does not feature differing rates for transitions and transversions). Recombination is 
modelled as affecting a stretch of DNA, with the size of the recombination event being 
computed from an exponential distribution [5]. The model assumes that recombinant 
segments originate from individuals that are not present in the sample being considered. 
Using the model, given the sequence data for N samples at the leaves of the tree, 
ClonalFrame attempts to infer the genealogy, the sequences at each of the internal nodes in 
the tree, the positions of the recombined regions in each of the branches of the genealogy and 
the model parameters(corresponding to the scaled rate of mutation and recombination, the 
rate of nucleotide differences in the recombined regions and the mean of the exponential 
distribution modelling the length of recombinant segments) [5]. Using a Markov chain Monte 
Carlo, the model progressively updates subsets of the model parameters based on the values 
199 
 
of the other parameters to fit the observed data to the model.  Ultimately, the model can 
provide a wide range of outputs.  It can output the model parameters themselves, such as the 
scaled rates of mutation and recombination, as well as providing an indication of the location 
and amount of recombination in individuals in the sample. The major advantage to the 
method should be that by identifying regions that are recombinant, the remaining sequence – 
the ‘ClonalFrame’ - can then be used when working out the true genealogy of the samples 
present. The method has been applied to a number of datasets to samples [147] or estimate 
parameters [148].  When originally presented the method was demonstrated on Salmonella 
enterica serovar typhimurium and Bacillus subtilis – two groups of bacteria that possess 
relatively low rates of recombination.  The method was also examined using simulated 
populations, but these did not feature high levels of recombination or population subdivision.  
The model in ClonalFrame features several assumptions that may reduce its ability to 
perform its advertised function.  The lack of any population subdivision within the model 
may pose problems for patchy populations, while the assumption that all recombinational 
inserts originate from individuals located outside the sampled dataset could also pose major 
problems in highly recombinogenic samples. It is therefore an open question as to how well 
the method will perform when recombination rates are high and where subdivision is present. 
In this chapter I will examine the ability of ClonalFrame to cluster simulated populations.  I 
will also examine the effectiveness of the estimation of mutation and recombination rates 
provided by ClonalFrame. 
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6.3 Results 
6.3.1 What is Wrong with Trees? 
The phylogenetic tree has been a default method of visualising the relationships of organisms 
since Darwin published the origin of species.  However, the limitations of current 
phylogenetic tree drawing methods are widely accepted [57, 136, 149].   
The scale of the problem when clustering large datasets is illustrated by Figure 6.1.   
 
Figure 6.1.Trees generated using the Neighbor-Joining method as implemented in MEGA 4 [150]. The 
evolutionary distances were computed using the Maximum Composite Likelihood method [151].  Trees produced 
using the concatenated sequence from all 15 simulated loci, giving an alignment of 7500 bp in length.Loci are 500bp 
each in length, as this is the approximate length of the loci used in MLST. Data is produced from the genotypes 
present in a single generation snapshot from simulated populations of 1250 patches of 20 individuals evolving under 
mutation and recombination.  Migration and turnover are present in these populations and are the same as used for 
Scenario 2 (low turnover, high migration).  The per locus, per individual, per generation mutation probability is 
0.0001. 
The Figure highlights two distinct problems.  Firstly, the figure illustrates the effect of 
recombination on tree drawing methods; as recombination is increased, trees become bushes.  
The “bushyness” of trees makes those with large numbers of nodes difficult to examine by 
eye. Secondly, and more seriously, increasing recombination also results in a reduction in the 
bootstrap (and therefore confidence) values for the branching orders inferred by tree building 
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packages.  Where clustering is concerned this is a particularly pernicious problem, as 
clustering using phylogenetic trees requires that for the clusters to be true, the topology must 
be correct. If the branching order cannot be trusted, then any clustering based on that ordering 
will be suspect. Secondly, even in the population with low rates of recombination, it is 
difficult by eye to define clusters on a completely consistent basis.  Since one of the 
objectives of defining clades is classification of a species, if clusters cannot be assigned on a 
consistent basis, then the classification serves little purpose as a method for distinguishing 
between members of a population.  These results demonstrate that while clustering by 
phylogenetics may be possible at low rates of recombination, high rates of recombination 
may pose a significant obstacle to discerning meaningful subdivision of a species, especially 
in datasets containing many taxa. 
6.3.2 BAPS 
6.3.2.1 Clustering 
BAPS does not produce trees; rather it simply clusters individuals. Initially, I examined the 
performance of BAPS in samples which are characterised by the alleles (sequences at) 7 loci, 
as occurs in the MLST databases.  Initially I performed clustering on a population with no 
subdivision present, in the presence of recombination.  This revealed a characteristic of the 
method which was repeated in simulations with subdivision where local recombination was 
used; namely that as the rate of recombination is increased, the number of clusters for a given 
combination of parameters also increases (Figure 6.2). 
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Figure 6.2. Predicted number of clusters for simulated single patch populations of 25,000 individuals 
characterised by 7 loci of 500bp length evolving under mutation and recombination. Populations under each r/m 
were run 25 times and the output populations were analysed by BAPS.  Models feature a per locus, per individual per 
generation mutation probability of 0.0001, with varying rates of recombination.  Boxes represent the 1st-3rd quartiles. 
Error bars are absolute maximum and minimum results produced. 
As the rate of recombination increases, the number of strains increases, and many of these 
strains will share genetic material because of the effects of recombination.  As a result, the 
increase in clusters in these simulations is most probably a combination of the increased 
strain diversity and the shared recombinational history of strains in the population.  In this 
population, as the population is a large single patch, BAPS is not detecting population 
structure from subdivision, rather, it is subdividing a population based on the stochastic 
evolution of a number of distinct lineages within the population. 
Next I examined the ability of the method to subdivide a structured population.  To 
investigate this I used a metapopulation composed of subpopulations with no between patch 
migration or turnover.  The only form of gene transfer I allowed in these simulations was via 
local (within patch) recombination. This means that subpopulations should be established, 
and patches should remain distinct from one another. I could then investigate if BAPS can 
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detect the number of subpopulations in the metapopulation, and to see if BAPS ends up 
subdividing subpopulations where recombination is present. The results demonstrated that 
where populations are simple – subdivided into very few patches – the method detects 
population substructure very well, over a range of recombination values (Figure 6.3). I did 
notice, however, that if patch sizes are increased, the corresponding increase in population 
diversity that accompanies the larger total population size results in an increase in the 
estimated number of clusters, although the underlying number of patches does appear to 
continue to have an effect on the total number of clusters predicted by BAPS (Appendix 
Figure 7).  
 
Figure 6.3. BAPS clustering of populations composed of 2, 5 and 10 patches of 1,000 individuals, charicterised by 
7 loci. Population simulated with no between patch migration and no patch turnover. Mutation occurs with a scaled 
rate of mutation of 5, equivilent to a per locus per individual per generation mutation probability of 0.0001 in a 
population of 25,000 individuals.  The clustering is repeated over a over a range of recombination values.  Results for 
each r/m are from the clustering of 10 separate simulated populations   
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As the number of patches is increased, however, the method becomes less able to infer the 
true number of subpopulations when 7 loci are used.  If 25 patches are present, with 7 loci, in 
many cases BAPS clusters do not correspond to individual patches, rather they correspond to 
groups of patches that are similar to one another by chance (Figure 6.4).  In all the 
simulations I conducted, BAPS estimated fewer than clusters than there were patches.  
 
Figure 6.4. Predicted number of clusters produced by BAPS for populations subdivided into 25 patches of 1,000 
individuals.  Population simulated with no between patch migration and no patch turnover. Mutation occurs with a 
per locus per individual per generation probability of 0.0001 over a range of recombination values.  Results for each 
r/m are from 20 separate simulated populations  
Similarly to the case with the single patch model, increasing the rate of local recombination 
in these simulations resulted in an increase in the number of clusters predicted. In this case 
the cause appears to be that increasing recombination produces more genotypes in each 
subpopulation. When no between patch gene flow is present this means that each 
subpopulation has a clearer signature for BAPS to detect. As a result, BAPS is better able to 
separate the subpopulations. In no cases, however is the number of predicted clusters equal to 
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the number of patches used in these models.  To examine the reasons for this effect, I looked 
at the BAPS clustering results using phylogenetic trees.  The trees produced revealed that 
although the clustering produced by BAPS was sensible, in these populations BAPS was 
sometimes too conservative to detect the real substructure (example in Figure 6.4), and had a 
tendency to group together the populations of several patches. This grouping together of 
several patches by BAPS is most likely to be a result of the distances present within the 
population; where patches are less divergent, there is less information present to separate 
them out, and so the algorithm is unable to do so within the context of a population that 
contains some highly divergent clusters (Figure 6.5). 
 
Figure 6.5. BAPS cluster assignments for the population present in a single generation produced by simulation 
from a population subdivided into 25 patches of 1,000 individuals.  Population simulated with no between patch 
migration and no patch turnover. Mutation occurs with a per locus per individual per generation probability of 
0.0001.  Population is subject to local recombination at a per locus rate 10 times more frequent than mutation. 
Arrows indicate the clusters which include samples from the same patch which were incorrectly split.  Different 
colours and shapes represent the clusters assigned by BAPS (A), or the original patches where the genotypes were 
found (B).  Phylogenetic trees generated using the Neighbor-Joining method using MEGA 4 [150]. The evolutionary 
distances were computed using the Maximum Composite Likelihood method [151].  Trees produced using the 
concatenated sequence from 7 simulated loci with a total length of 3500 bp 
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The grouping of subpopulations by BAPS shown in Figure 6.5 may be partly due to the fact 
that that the populations are not uniformly divergent.  The presence of subpopulations that are 
not uniformly divergent is unsurprising; stochastically the lineages in some of the 
subpopulations will diverge at a faster rate than others, and so create a situation where the 
distance between clusters is not uniform.  As a result, in the context of the whole population, 
the BAPS clustering algorithm struggles to distinguish between clusters that are more closely 
related when other clusters in the population are much more distinctive. This is not helped by 
the fact that the configuration of the population, 25 large patches of 1000 individuals, results 
in relatively low allelic diversity which reduces the amount of information available for the 
algorithm to use for separating out clusters. In a sense the clustering is working as expected; 
groups of individuals that are most similar are grouped together, but the grouping could be 
said to be too conservative, and substructure is missed by the initial clustering. However, it is 
doubtful if any other undirected clustering of genetic data could perform better, and the 
clusters proposed by BAPS appear to be a sensible delineation of the data present.  
However, in MLST datasets, we may be interested in detecting the substructure that is 
‘missed’ in samples where some populations are less distinct than others.  One solution to 
overcome the conservative clustering is to use an approach of iterative clustering.  This 
approach involves running the clustering algorithm again on each cluster produced, to see if 
further subdivision is possible. If there is subdivision, which has been missed because of a 
combination of large distances between clusters and low allelic diversity in the sample, the 
substructure within clusters should be detected by a second run.  Using such an approach 
enables the delineation of individual subpopulations from the larger clusters (Figure 6.6). 
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Figure 6.6. Effects of reclustering BAPS clusters assigned during an initial clustering run.  Populations produced 
by simulation from a population subdivided into 25 patches of 1,000 individuals.  Population simulated with no 
between patch migration and no patch turnover. Mutation occurs with a per locus per individual per generation 
probability of 0.0001.  Population is subject to local recombination at a per locus rate 10 times more frequent than 
mutation.   The conservative BAPS clusters from the first analysis are seperated by a second BAPS analysis into 
clusters which correspond to the actual subdivisions in the underlying population.Phylogenetic trees generated using 
the Neighbor-Joining method using MEGA 4 [150]. The evolutionary distances were computed using the Maximum 
Composite Likelihood method [151].  Trees produced using the concatenated sequence from 7 simulated loci with a 
total length of 3500 bp 
The results in Figure 6.6 show that iterative clustering of a population can identify finer 
substructure which is not detected on the first pass. 
The clustering produced initially showed that as the rate of local recombination was increased 
BAPS got better at detecting clusters correctly. Local recombination increased the number of 
genotypes in each of the subpopulations, and this increased signal from these clusters 
improved the ability of BAPS to discern them.  MLST schema typically use only 7 genes; 
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would increasing the number of loci examined improve the clustering performance of BAPS? 
The addition of new loci will also improve the separation between clusters, by introducing 
more variable sites for the model to use in its clustering.  To examine the effect of examining 
more loci, I produced a new set of simulated populations, again using 25 populations of 1000 
individuals, evolving under mutation and local recombination, but this time the data 
comprised 14 loci – twice the amount of sequence information.   
 
Figure 6.7. Predicted number of clusters produced by BAPS for populations subdivided into 25 patches of 1,000 
individuals characterised by 14 loci.  Population simulated with no between patch migration and no patch turnover. 
Mutation occurs with a per locus per individual per generation probability of 0.0001 over a range of recombination 
values.  Results for each r/m are from 10 separate simulated populations 
The results in Figure 6.7 show a similar pattern to the results with 7 genes, however the 
addition of the extra loci enabled BAPS to separate out most (but not all) of the 
subpopulations in most scenarios. Allelic diversities are still low, but with the extra loci the 
software can gain sufficient resolution to differentiate between almost all of the 
subpopulations in the sample. This highlights the fact that while BAPS can produce sensible 
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clusters, and is capable of correctly determining substructure, in complex datasets, or those 
populations with limited allelic diversity, more alleles may be required in order for BAPS to 
correctly detect this substructure. 
The results serve to demonstrate that the clusters produced are merely a suggestion of how 
the population can be subdivided.  There are many possible reasons for the clustering 
suggested by the programme and it is, ultimately, up to the researcher to determine if there is 
a biological explanation for the clustering produced, for example by seeing if additional 
information about the strains supports the clusters obtained.  Although in some cases BAPS 
may prove to be more sensitive than phylogenetic methods to cluster populations on a large 
scale, ultimately if the sequence data examined does not contain sufficient information BAPS 
too will be unable to produce useful results. 
6.3.2.2 BAPS, Admixture and Recombination 
The results from the analysis of the BAPS clustering algorithm demonstrated that it is 
affected in different ways by increased local or global recombination rates.  However, it is 
clear that cluster numbers alone could not provide an effective indication of the rate of 
recombination in a population. Large numbers of clusters may be indicative of a high rate of 
recombination; or they may be indicative of a highly structured population. If we wish to 
investigate recombination directly, we must make use of the admixture model implemented 
in BAPS.   
The BAPS admixture model provides a framework which is designed to directly examine 
admixture between populations. The BAPS clustering analysis groups clusters based on 
patterns of shared variation.  As a result, it is possible to investigate long range recombination 
– that is to say, recombination that has occurred between clusters – using the BAPS 
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admixture model. The amounts of admixture so identified may relate to the amounts of 
recombination between clusters present in the population.   
In this section I determine how an admixture analysis performs in light of migration, 
subdivision and turnover. Previous chapters have demonstrated that the balance of these 
parameters in a population can have a large effect on the ability of a method to distinguish 
between rates of recombination.    To determine the performance of the system under these 
conditions, I simulated bacterial populations under local recombination, with migration and 
turnover as per the four scenarios used elsewhere in this work. Local recombination provides 
a difficult test in the scenarios as many of the local recombination events will not produce 
new genotypes. The results for the allelic mismatch distribution considered in chapter 5 
demonstrate that local recombination will have an effect on the distribution even when 
migration is low; so using the sequence data can BAPS detect the effects of local 
recombination? And where new genotypes are generated, are these detected as admixture? 
For all of the scenarios I found that the BAPS admixture analysis produced progressively 
larger estimates of the number of admixed individuals in simulated populations, as the rate of 
local recombination was increased. (Figure 6.8). 
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Figure 6.8. Predicted numbers of admixed genotypes in simulated populations analysed using the BAPS 
admixture analysis.  Populations produced by simulation from a population subdivided into 1250 patches of 20 
individuals.  Population simulated with between patch migration and turnover as per the scenarios described 
previously. Scenario 1 represents a situation with low migration and turnover, Scenario 2 has high migration and low 
turnover, Scenario 3 has low migration and low turnover and Scenario 4 has low migration and high turnover. 
Mutation occurs with a per locus per individual per generation probability of 0.0001, over a range of local 
recombination values. Results for each r/m are produced from 20 separate simulated populations, each processed by 
BAPS 
The results show quite clearly that as the recombination rate is increased the absolute number 
of admixed strains detected in the population is increased.  However, increasing the 
recombination rate also results in an increase in the total number of unique genotypes in the 
population – so do these higher absolute numbers equate to a proportional increase in strains 
being detected as admixed?  The results in Figure 6.9 demonstrate that it does. 
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Figure 6.9. Predicted proportions of the total number of genotypes in a population showing admixture in 
simulated populations analysed using the BAPS admixture analysis.  Populations produced by simulation from a 
population subdivided into 1250 patches of 20 individuals.  Population simulated with between patch migration and 
turnover as per the scenarios described previously. Scenario 1 represents a situation with low migration and 
turnover, Scenario 2 has high migration and low turnover, Scenario 3 has low migration and low turnover and 
Scenario 4 has low migration and high turnover. Mutation occurs with a per locus per individual per generation 
probability of 0.0001, over a range of local recombination values. Results for each r/m are produced from 20 separate 
simulated populations, each processed by BAPS 
In all of the scenarios considered, increasing recombination results in increasing levels of 
admixture within BAPS analyses.  These results are revealing as they show, in contrast to 
many of the other methods considered in this work, that BAPS appears to be sensitive to the 
effects of recombination when it is local across all of the scenarios considered.  BAPS 
appears to be sensitive to the effects of local recombination, and levels of admixture appear to 
provide an effective indication as to the level of recombination in a population. 
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Similar results are obtained when global recombination is used, with one caveat (Figure 6.10) 
 
Figure 6.10. Predicted proportions of the total number of genotypes in a population showing admixture in 
simulated populations analysed using the BAPS admixture analysis.  Populations produced by simulation from a 
population subdivided into 1250 patches of 20 individuals.  Population simulated with between patch migration and 
turnover as per the scenarios described previously. Scenario 1 represents a situation with low migration and 
turnover, Scenario 2 has high migration and low turnover, Scenario 3 has low migration and low turnover and 
Scenario 4 has low migration and high turnover. Mutation occurs with a per locus per individual per generation 
probability of 0.0001, over a range of global recombination values. Results for each r/m are produced from 50 
separate simulated populations, each processed by BAPS 
Although containing an absolute number of admixed strains greater than that found at the 
lower rates of recombination, results for the highest r/ms in the high turnover scenarios (3 and 
4) represent a lower proportion of the genotypes in the population than occurs in populations 
at a lower rate of recombination.  This pattern is surprising as all of the simulations produced 
using local recombination, and the global recombination results for scenarios 1 and 2 showed 
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increases in both the number and proportion of admixed individuals as the rate of 
recombination is increased. The cause for this is uncertain, and as such these results suggest 
that if a population has a high rate of turnover and global recombination is likely to be 
present, then this method may not work well for inferring levels of recombination in real 
data. However, in pathogen populations which are composed of many microepidemics, it 
would be expected that there would be minimal opportunity for ‘global recombination’ to 
occur. In these populations the results show that BAPS would be an appropriate method to 
gauge levels of recombination using admixture.  
6.3.3 ClonalFrame 
6.3.3.1 Clustering 
ClonalFrame is designed to remove the effects of recombination in a sample to generate a  
‘Clonal Frame’ of the isolates present (i.e. those parts of the genes which do not appear to 
have been involved in recombinational replacements).  The Clonal Frame can then be used to 
determine relationships between individuals in a sample.  The software is designed to provide 
a more effective method for the generation of phylogenetic trees which are largely free from 
the effects of recombination. To investigate ClonalFrame I used a subdivided population 
composed of 25 patches of 1,000 individuals with no turnover or migration, under the effects 
of global recombination.  This allows the generation of clear clonal backgrounds which are 
broken up by global recombination.  Without turnover and extinction, this provides a 
mechanism to test the ability of ClonalFrame to deal with the effects of long range 
recombination in the absence of complicating factors such as migration and turnover.  One of 
the possible issues with ClonalFrame in everyday use is that it is computationally very 
intensive, and takes a great deal of time to complete a run. It cannot be parallelised (although 
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several instances can be run in serial), and in general, any dataset of more than 500 STs is 
unlikely to produce any results (although there are cases of the authors having run 
ClonalFrame on larger datasets – such as in [147] – I could not replicate this performance 
with large datasets on my workstation).  The size limitations of ClonalFrame represent 
something of a difficulty for the test.  In the case of BAPS, I was able to make use of whole 
population samples for running the analysis.  With ClonalFrame this was simply not possible 
due to the size of the datasets (the samples with a rate of recombination 10 times that of 
mutation were over 500 STs each, for example).  As a result, I was forced to use smaller 
datasets in order to examine the performance of the clustering in ClonalFrame.  In many ways 
this is a helpful analysis as it means that the software can be tested in more ‘realistic’ terms 
(as in the real world we never have the full population available), but it may also provide a 
more difficult test for the software because sub-samples will not contain as an extensive 
inventory of the diversity present in the population.  This means that there will be less STs 
per cluster present, which may make clustering more difficult.  As it was, ClonalFrame 
performed well while the rate of recombination was low; but as the rate of recombination was 
increased, the software became progressively less effective at clustering samples (Figure 
6.11). 
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Figure 6.11. Demonstrating the effectiveness of ClonalFrame clustering in samples of 100 genotypes from 
subdivided populations of 25 patches of 1000 individuals, evolving under global recombination and with a per locus, 
per individual per generation mutation probability of 0.0001. Each simulation was run for 500,000 generations before 
a sample was taken, individuals were selected for the sample at random from the population and without 
replacement. Simulations were produced with no turnover or migration present.  ClonalFrame was run using the 
default settings.  The trees are produced by ClonalFrame, and were visualized in MEGA (r/ms of 0.1 and 1) and 
FigTree (r/m of 10). Coloured markers on the MEGA trees are for illustration, and represent the patch of origin of 
individuals. 
Within ClonalFrame, an increasing pattern of long branches featuring only one taxa is 
observed as the rate of recombination is increased, even when a simple majority rule 
consensus tree is used to visualise the results (Figure 6.11). This feature was less evident 
when smaller sample sizes were used; but was still present. At the highest rates of 
recombination, ClonalFrame appears to detect some ‘clusters’; however, it also misclusters 
many STs. If a more stringent tree is produced; using a 75% or 95% consensus, the results 
deteriorate further, with the highest rate of recombination producing a tree which is mostly 
single nodes. ClonalFrame therefore represents a potentially useful method for clustering 
sequences when recombination rates are low, but as the population moves past the 
clonal/sexual threshold (discussed in [90]) it appears that the software becomes progressively 
less able to group isolates with any degree of certainty. This appears to be because, as the rate 
At an r/m of 0.1 1 ST  At an r/m of 1, 10 STs were         At an r/m of 10 the result 
was misclustered   misclustered      could not be read by MEGA 
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of recombination is increased, the ‘Clonal Frame’ for many isolates will gradually get smaller 
and smaller until such a point where it contains no information at all; and hence provides no 
information that can be used for clustering. 
6.3.3.2 Detection of Recombination and Mutation Rates 
In addition to its capacity for determining the relationships of samples, accounting for the 
effects of recombination, ClonalFrame has the ability to provide an estimate of the scaled 
rates of mutation and recombination in a sample.  Using subsamples of STs taken from 
populations of 25 patches of 1000 individuals , with no migration or turnover, evolving under 
global recombination  I found that ClonalFrame appears to be somewhat lacking as a tool for 
estimating rates of recombination and for gauging the ratio of recombination to mutation.   
Thus for an r/m of 10 the estimates ranged from one hundred times too large to several 
thousand times too low for the few replicate estimates.  Using a lower r/m improved things a 
little; an r/m of 0.1 produced some values which were more similar to the true value, but still 
produced some estimates which were over one thousand times too small. However, I did find 
that ClonalFrame performed reasonably well in estimating the rate of mutation, across a 
range of mutation and recombination ratios (Figure 6.12). 
218 
 
 
Figure 6.12. Predicted / Actual results for ClonalFrame parameter estimates.  Graphs are produced from tests of 
100 genotypes randomly selected from simulations.  Simulations composed of 25 patches of 1000 individuals, evolving 
under global recombination and with a per locus, per individual per generation mutation probability of 0.0001. These 
populations do not feature turnover or migration.  Graph A shows the predicted / actual results for the rate of 
recombination.  Graph B shows the predicted / actual results for the rate of mutation. 4 replicates at each r/m value 
are shown. 
6.4 Discussion 
6.4.1 BAPS 
6.4.1.1 Clustering 
From the results produced by simulated data, in general, BAPS produces sensible cluster 
assignments. However, BAPS clustering proved to be too conservative in some populations.  
This has the side effect of causing BAPS to fail to capture substructure; particularly in 
samples where there are large genetic distances between some of the groups making up the 
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sample. However, in these cases it is quite possible that similar mistakes would be made 
using phylogenetic methods to cluster these populations, without the benefit of ancillary data.  
The ability of BAPS to extract meaningful information is enhanced in these cases if one of 
two approaches are used.  An iterative clustering approach revealed population structure 
which was occluded by a combination of  long evolutionary distances and relatively low 
allelic diversity within clusters. Such a situation occurs when examining the Multi Locus 
Sequence Analysis dataset produced for eMLSA.net for the viridans group streptococci 
[152].  
 
Figure 6.13. BAPS clustering of the viridans group Streptococci.  Dataset comprises 427 genotypes from 23 
species. Trees were generated using the concatenated sequence from 7 loci.  Tree produced using the Neighbor-
Joining method as implemented in MEGA 4.  Colours represent the clusters as determined by BAPS analysis. 
In the case of the viridans group streptococci the eMLSA schema uses 7 housekeeping genes 
and includes strains from over 20 species.  Clustering the viridans group streptococci using 
the complete dataset obtained from the eMLSA website produces similar features to those 
220 
 
present in the populations with no migration and turnover.  The long genetic distances 
combined with several groups which contain relatively few samples reduces the ability of the 
method to separate out groups within the sample (Figure 6.13).   An iterative clustering 
approach was able to separate out the species which had been placed together in several of 
the clusters produced from the original dataset.  These results demonstrate that while BAPS 
clustering is sensible, it should be applied with care as the clustering which is produced may 
be too conservative in some datasets. The use of BAPS with the eMLSA dataset does, 
however, demonstrate the effectiveness of the method for the undirected clustering of MLSA 
data, suggesting that the method could provide a system for the assignation of query isolates 
to species/clusters over the internet. A second approach which also revealed substructure was 
the inclusion of more alleles in the analysis.  This makes sense, as more alleles include more 
data.  The capacity to increase number of alleles (and therefore the size of the dataset for each 
ST), and continue to be able to analyse all of the STs produced by the simulations was made 
possible by the scalability of BAPS.   
The results also show that when we are interested in the large scale subdivision of 
populations, BAPS provides a sensible basis for subdividing a population.  It is not perfect, 
and may end up being conservative where diversity is lacking; but on a large scale level it can 
clearly detect the separation between clusters in some populations, as is demonstrated by the 
example of the viridans group streptococci.  The method is also consistent across simulations, 
so if standardised divisions are desired to classify species, BAPS may provide an appropriate 
mechanism to achieve this.  I also examined the effects of global recombination on BAPS 
clusters (results in Appendix).  These analyses seemed to indicate that BAPS appears to 
detect the effects of recombination, and its clustering produces populations which contain 
individuals with shared ancestry from the effects of recombination.  However, more work is 
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required to establish the extent to which BAPS populations reflect recombinational history. 
Within the global recombination populations it is clear that it is not possible to detect the 
underlying substructure of the population as recombination is increased; and so as a result in 
organisms where recombination is global, the detection of populations which are recombining 
amongst themselves is probably the best separation which can be achieved.  Fundamentally, 
BAPS provides a rapid method for the undirected clustering of samples.  The method is based 
entirely on statistical similarity between samples; and so biological meaning would need to 
be established by the end user.  As a result, properly applied BAPS may provide an effective 
method for quickly subdividing populations, although care should be exercised in populations 
where allelic diversity is low, in order that the results of BAPS clustering analysis are not 
over-analysed.    
6.4.1.2 Admixture Analysis 
In contrast to the clustering analyses, the BAPS admixture analysis performs remarkably well 
across the board, even with relatively few loci.  BAPS detects differential amounts of 
admixture in populations over a wide range of population structures, as the recombination 
rate is changed, and increasing admixture in a population does appear to be a good indicator 
of increased rates of recombination.  In its admixture analysis BAPS also seems to be 
detecting the presence of horizontal gene transfer in simulated populations.  Therefore BAPS 
admixture analysis appears to be an effective means for the qualitative detection of 
recombination in bacterial populations. However, the precise meaning of admixture requires 
further investigation.  While increases in admixture correlate well with increasing rates of 
recombination, what BAPS is detecting as admixture cannot be determined using the 
framework as it stands.  In this sense the question of whether admixture is actually truly 
detecting individuals in the population that have recently undergone recombination, or 
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whether the presence of admixture in an individual is more indicative of uncertainty in the 
cluster assignment due to the effects of genetic exchange is yet to be resolved. In order to 
examine how BAPS admixture relates to individual recombination events in the ancestry of 
individuals in a population, further analyses would need to be attempted, combining explicit 
tracking of all recombination events and combining this with an analysis such as BRAT, 
which takes BAPS results and identifies the loci involved in recombination events. On the 
results presented here, admixture should be useful as a guide to the amounts of recombination 
within a cluster, but the meaning at an individual level is still to be explored.  
6.4.2 ClonalFrame 
In terms of clustering, at low rates of recombination the model was very good at correctly 
placing STs together, based on shared ancestry.  However, it is clear that as the rate of 
recombination is increased, the method performs progressively less well.  It appears that as 
the rate of recombination is increased, it becomes much less usable as a method for inferring 
relationships between isolates.  Part of the problem is likely to be found in the fact that as 
recombination rates increase the ‘Clonal Frame’ will become progressively smaller and 
smaller.  At very high levels of recombination this may even result in some cases where the 
Clonal Frame produced from 7 loci for some strains is nonexistent.  This provides a relatively 
serious limitation for what would otherwise be an interesting method.  The obvious way to 
mitigate the effects of having insufficient information in the ‘Clonal Frame’ for inferring 
relationships is to increase the amount of sequence being examined.  This is complicated by 
the limitations of the programme; running samples composed of 25 STs defined by the alleles 
at 7 loci took in the region of 1 hour on a modern workstation; 100 STs using 7 loci took 8-10 
hours. This poor scaling results in a situation where it is questionable, at high rates of 
recombination, if the programme could handle sufficient amounts of sequence and samples to 
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produce useful results in highly recombinogenic populations.  However, it is possible in some 
populations that there would be no true ‘Clonal Frame’ remaining, in which case the method 
may not work at all to cluster isolates. The method has been employed to cluster selected 
individuals from a population [147] – but the inference from the results here is that the 
computational time spent obtaining these predicted relationships could probably have been 
better used on other analyses.  A traditional phylogenetic model would have probably 
produced a similar result; in a much shorter time.   
The concept itself, however, is an interesting one.  If a new method could be developed 
which was faster and more readily scalable then this could provide a useful method for 
mitigating the effects of recombination to produce better trees.  One possible method which 
might serve this purpose is to make use of the Bayesian Recombination Tracker (BRAT) 
programme [144].  BRAT operates to identify the start and endpoints of recombinational 
replacements in sequence.  This method builds on the performance of the BAPS admixture 
model, which has already been shown to detect the effects of recombination,  making use of 
BAPS admixture results to detect between cluster recombination.  Using the results of a 
BRAT, it is possible to identify a simplified ‘ClonalFrame’ which can then be used by a 
phylogenetic method to infer relationships between strains.  This method would provide a 
simpler, faster and more scalable method for correcting for the effect of recombination in 
phylogenetic tree creation.  A simplistic example of how this method might function is 
detailed in the analysis of S. aureus data in the next chapter. Briefly, when used on S. aureus 
data, BRAT was able to identify ‘recombinant’ segments in several divergent isolates from 
the S. aureus MLST database.  Using the BRAT output these inserts were removed, and trees 
were produced from the shorter sequence produced.  The trees generated from these ‘BRAT-
Frames’ placed the isolates back in the main body of S. aureus strains sampled (see 
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Appendix).  A version of BRAT implementing this functionality autonomously is currently 
under development and will be available in the near future. 
6.4.3 Phylogenetics 
Since Darwin illustrated the Origin of Species with an evolutionary “tree”, the phylogenetic 
tree has developed into a central element for visualising the evolutionary relationships 
between organisms.  Simulated populations highlight several of the limitations which are 
present within phylogenetic methods. They perform particularly poorly when recombination 
rates are high, and the phylogenetic clusters which are produced when recombination rates 
are high should be viewed with caution. The results serve to demonstrate that while as a 
mode of visualising data, trees are still better than other methods, they are of limited use for 
actually analysing modern datasets.   As a method of communicating (correct or incorrect) 
relationships between individuals they remain unparalleled.   The results here also 
demonstrate that the application of methods such as BAPS can help to improve the delivery 
of information from trees, for modern datasets, through the use of clustering.  These results 
also serve to demonstrate that the phylogenetic tree – veteran of biology that it is – is liable to 
be with us for some time yet. 
6.5 Implications and Conclusion 
The results of this chapter demonstrate that any algorithm; be it simple phylogenetic methods 
or complex Bayesian clustering is never a be all and end all. These methods require careful 
application, and the results that they produce must be considered as useful hypotheses about 
the population being considered and must be interpreted using knowledge of both the way the 
algorithm performs and the underlying biology of the organism in question. The results also 
demonstrate that in many populations the detection of complex substructure may simply not 
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be possible using datasets which are limited in size. The key implications of this work are, 
however, that properly applied both clustering methods can identify structure in populations.  
The simulation results demonstrate that BAPS clustering should be checked, as the algorithm 
is naturally conservative, and under some circumstances can fail to subdivide clusters. This 
potential problem is particularly evident in populations with low levels of allelic diversity. I 
demonstrate that this can be rectified by iteratively rerunning BAPS on clusters produced in 
the first run, or by increasing the number of loci which are sampled and used for clustering.   
These corrections then provide sufficient resolution for BAPS to correctly ascertain the 
population structure within a sample of a bacterial population.  The results also demonstrate 
that the detection of admixture by BAPS does appear to be due to the action of 
recombination.  This means that BAPS admixture analyses can be used for the examination 
of recombination rates in bacterial populations, and that when talking about admixture in a 
population, we are talking about an effect produced, and directly related to, recombination.  
ClonalFrame performed well in situations with low recombination, but was much less useful 
in populations where the rate of recombination was high.   The method is an interesting one; 
but at the present time it is too slow and too complex for performing the task which it was 
created for, in many situations.  Because of its slow speed, it was not possible to test the 
effect of increasing the number of loci used, and improvements in the speed and scaling of 
the method would need to be implemented before such testing could be undertaken. If 
improvements can be made to the number of samples it can handle, and the speed with which 
it runs, then it could become a valuable addition to the researchers toolbox for analysing 
populations with low to medium rates of recombination.  At high rates of recombination, or 
in situations where trees with a greater degree of confidence than simple majority rule are 
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required, the method does not produce useful results.  The method also performs poorly in 
estimating the rates of recombination and, to a lesser extent, mutation in the populations 
considered.  It seems likely that this is a combination of the requirement to use smaller 
sample sizes because of limitations in the software, but this may also be due to the underlying 
assumptions of the model.  In either case, the results suggest that estimates of the rates of 
recombination and mutation produced by this software should be viewed with caution. 
The results in this chapter demonstrate that, properly applied, clustering methods can be 
useful in subdividing populations and identifying relationships within a population.  
However, the results produced by these methods should clearly never be viewed on their 
own; they have to be interpreted in the context of the species that they are being used to 
examine.  When this is done, methods such as BAPS can prove to be effective in separating 
out bacterial populations in a way which is sensible and consistent for a given set of 
population dynamics.  The results also demonstrate that in the case of BAPS extra data does 
not hurt; and appears to improve the effectiveness of the method for detecting population 
substructure.  The performance of methods such as BAPS on simulated populations produced 
indications that these methods may be useful in the real world.  The example of the viridans 
group Streptococci demonstrates one case where clustering by a method such as BAPS could 
be used as the basis of a classification system.  In some ways the simulated results in this 
chapter did not clearly demonstrate how well BAPS would perform in populations with real 
subdivision.  In the next chapter I examine the performance of BAPS in two species where 
subdivision is thought to exist – Burkholderia pseudomallei and Staphylococcus aureus.  I 
then make use of the admixture analysis, which was shown to detect recombination in 
simulated populations, to analyse two further pathogen populations, those of Streptococcus 
pneumoniae and Haemophilus influenzae.  
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7 Chapter 7 Subdivision, Recombination and Diversity in Bacterial 
Pathogens 
7.1 Introduction 
The previous chapters have focused on using the model framework to examine the 
effectiveness of several methods when they are applied to MLST-like data. They have also 
demonstrated the limitation of single figure metrics for describing a population. In this 
chapter I use some of the methods discussed previously to examine data from several MLST 
databases.  I begin by exploring the population structure of two pathogens which are thought 
to have relatively simple population structure  – Staphylococcus aureus and Burkholderia 
pseudomallei.  I then examine recombination and population structure in two further 
pathogens – Streptococcus pneumoniae and Haemophilus influenzae. These results, as well as 
examining interesting features of the biology of these organisms serve to demonstrate the 
effectiveness of some of these methods for the analysis of MLST-like data. 
7.2 Species Examined 
7.2.1 Burkholderia pseudomallei 
Burkholderia pseudomallei is a rod-shaped gram negative bacteria that is the causative agent 
of Melioidosis.  Melioidosis is endemic in South East Asia and tropical Australia with 
sporadic cases occurring in other parts of the world [153].  B. pseudomallei is found in 
groundwater and moist soil [154], and can enter a host via exposed wounds or cuts, 
consumption of contaminated water or even inhalation [155]. B. pseudomallei is capable of 
causing disease in other animals, but no host reservoir has been identified for the organism 
[156].  Melioidosis represents a challenge for health services in areas where it is endemic, as 
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it causes serious disease including pneumonia septicaemia and soft tissue infections [156].  
The severity of disease caused, combined with the possibility of dissemination via the aerosol 
route has seen B. pseudomallei and the closely related B. mallei classified as a category B 
bioterror on international lists of threat agents. B. pseudomallei is thought to be subdivided 
into at least two subpopulations, one in South East Asia and one in Australia, divided by 
Wallace’s Line [157].  In this chapter I examine the Burkholderia isolates stored in the MLST 
database to identify if the signature of phylogeography can be distinguished using MLST 
data.   
7.2.2 Staphylococcus aureus 
Staphylococcus aureus is a gram positive coloniser and opportunistic pathogen of humans 
and many other species. S. aureus is responsible for a wide range of diseases in humans 
ranging from septicaemia to soft tissue infections [158].  S. aureus strains show a wide range 
of resistances to antimicrobial agents, and it is a leading hospital acquired infection, that is 
now endemic in many hospitals.  S. aureus infections are also an increasingly important 
disease in the community where infections can occur in otherwise healthy individuals [159]. 
The species is not naturally competent and recombines infrequently, resulting in a clonal 
population structure [160].   It has been suggested that S. aureus is composed of 3 population 
subdivisions, based on an analysis of 38 gene fragments in 30 S. aureus strains [161].  In this 
chapter I use the MLST database to investigate the support for such a population subdivision 
within the species Staphylococcus aureus. 
7.2.3 Streptococcus pneumoniae 
Streptococcus pneumoniae (the pneumococcus) is a gram positive commensal of the human 
nasopharynx. The bacterium is carried asymptomatically in the nasopharynx, usually amongst 
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children and the elderly.  It also causes episodes of disease, and is a leading cause of 
infections of the mucosal membranes, such as otitis media, severe systemic infections, such 
as meningitis and septicaemia and severe respiratory infections such as pneumonia.  As such 
S. pneumoniae is a globally significant pathogen and is responsible for upwards of 1 million 
deaths annually [162].  S. pneumoniae expresses a polysaccharide capsule, of which over 90 
distinct types have been identified [163].  In the western world most pneumococcal disease is 
due to the action of strains expressing one of relatively few pneumococcal serotypes [164]. 
Vaccines have been available that provide some protection against invasive pneumococcal 
disease for some time. Despite reductions in disease that have come from the use of the 
available vaccines, S. pneumoniae is still a cause of serious disease [165, 166]. S. 
pneumoniae is a naturally competent organism and has been shown to have a high rate of 
recombination relative to mutation [1]. The high rate of recombination may have enabled the 
organism to acquire antibiotic resistance [167], and may also act to enable capsular switching 
to operate [168]. In this chapter I examine the subdivision and distribution of alleles present 
in the S. pneumoniae population as sampled by MLST.   
7.2.4 Haemophilus influenzae 
Haemophilus influenzae (Hi)is a gram negative bacterium commonly isolated from episodes 
of asymptomatic nasopharyngeal carriage. Although most Hi is carried asymptomatically, Hi 
is a globally significant pathogen, capable of causing localised mucosal infections such as 
otitis media or pneumonia, as well as invasive infections associated with high mortality such 
as meningitis.  Six distinct serotypes (designated a-f) of Hi may be distinguished, based on 
capsule polysaccharides (in d and e) and teichoic acids (a, b, c and f).  Amongst these 
serotypes, serotype b has historically been an important pathogen in children under the age of 
5, and is responsible for ~95% of all invasive Hi disease in unvaccinated children [169, 170].  
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Prior to the widespread introduction of the type b conjugate vaccine [171-173]  it is estimated 
that Hi serotype b disease was responsible for in excess of half a million deaths annually 
[174]. The introduction of the conjugate Hib vaccine has resulted in a large decrease in the 
incidence of Hib disease in developed nations (for example see [175] for the UK and [176] 
for the US) but serotype b disease remains responsible for an estimated 3 million serious 
illnesses and over 380,000 deaths globally each year [177].  Although serotype b remains the 
major cause of invasive Hi disease, the other serotypes have all been reported as capable of 
causing invasive disease. In addition to the encapsulated Hi, unencapsulated forms are 
commonly found. These individuals, termed ‘non-typable’ (NT), appear to be far more 
diverse than the Hi for the recognised serotypes [178, 179].  NT Hi can cause invasive 
disease but is particularly important as a cause of economically significant, but rarely fatal 
infections such as otitis media and sinusitis. The role of NT Hi in these diseases may 
increase, following the introduction of the heptavalent pneumococcal vaccine, as NT Hi has 
been reported as replacing S. pneumoniae as the leading cause of otitis media in vaccinated 
children [180, 181]. Research to date suggests that, phylogenetically, typable Hi fall into 
discrete lineages in line with their serotype [178, 182], while NTs possess a wide continuum 
of diversity [178, 179]. Sequence based studies of Hi sample collections have confirmed 
earlier work indicating that NT strains are more diverse (both genetically and phenotypically) 
than their encapsulated relatives [179]. In the laboratory environment Hi is naturally 
competent, taking up other DNA and has been the model organism for studying competence 
in the gamma-proteobacteria.   However, it is clear from sample collections there is a 
difference in diversity within NT lineages compared with those associated with serotypes – 
and this may be due to differences between the ability or opportunity for NT and 
encapsulated strains to take up DNA [178]. In this chapter I examine the population structure 
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in Hi, seeking to subdivide the Hi population and reveal deeper structure amongst the NT 
population.  I then examine recombination within the Hi population, in order to investigate if 
the increased diversity present within the NT population is accompanied by a larger amounts 
of recombination in those populations.  
7.2.5 Methods and Data 
Multi Locus Sequence Typing (MLST) [183] is an unambiguous portable typing 
methodology that has been widely applied to pathogenic bacterial species.  The system works 
by using a set of predefined housekeeping loci (usually 7) with known start and end points. 
Each locus is sequenced, and the sequence compared with a central database that stores 
records of each unique allele identified.  Each unique sequence identified at each locus is 
given an allele number, and every unique combination of allele numbers reported is assigned 
a Sequence Type (ST). All reported sequence types and allele numbers are stored in a central 
repository.  The central databases make the data freely available to any user.  All of the 
datasets used were publically available.  I downloaded and created databases from the 
datasets, which were stored on a local computer.  I then used these local copies of the 
databases to produce output files for the various methods employed. 
7.2.5.1 Burkholderia pseudomallei 
I used a complete set of the B. pseudomallei MLST database as of the 20th of February 2009.  
This dataset comprises 669 distinct STs, each characterised by 7 sequences, as described 
previously.  To subdivide the population and examine the phylogeography of the species I 
used the software package Bayesian Analysis of Population Structure (BAPS).  BAPS 
clusters individuals based upon shared patterns of variation.  This provides a more effective 
means of clustering than simple phylogenetic clustering. Within the species B. pseudomallei 
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the question I am asking is; does MLST data contain sufficient phylogeographic signal to 
subdivide this species into clusters based on their region of origin?  Burkholderia is a species 
with low allelic diversity, and high rates of recombination, which presents difficulties for 
analysis.  If there is sufficient sequence diversity, BAPS may be able to detect the presence of 
this sort of subdivision if it is present in the dataset.  When it is run, BAPS calculates the 
optimal number of clusters, and each ST in the dataset was assigned to a cluster.  I then made 
use of isolate information in the MLST database to assign each ST a region of origin. To do 
this, I looked at the isolates that were associated with each ST.  Then I took the countries that 
those isolates were reported as originating from.  Using this list I was able to assign STs to 
countries and regions.  In most cases STs were found in either South East Asia or Australia 
and the islands close by.  Of the 669 STs examined by BAPS, only one – ST 84 was found in 
isolates in both Australia and South East Asia. In total out of the 669 STs in the analysis 602 
of them had an origin in either South East Asia or Australia.  63 of the STs were identified as 
being from countries in other parts of the world including Europe (9 STs) and the USA (13 
STs).  These STs found outside of Australia and South East Asia were not considered in the 
test to examine the significance of the clustering, in terms of region of origin as they 
represent isolates from individuals infected in endemic regions but diagnosed elsewhere.  For 
the purposes of testing for a statistically significant difference in the distribution of South 
East Asian and Australian isolates amongst BAPS clusters, ST 84 is assigned to both the 
Australian and South East Asian groups.    To test the association of cluster with geographical 
location I made use of a χ2 test. The test was carried out on a list of counts relating to the 
makeup of each cluster. For each cluster I determined the number of STs that were Asian or 
from Oceania, and these provided the basis for a 2x2 contingency table for conducting the χ2 
test.  To visualise the datasets I made use of phylogenetic trees produced using the software 
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package MEGA 4 [150]. The trees were generated using the concatenated sequence for all 7 
MLST loci with a total length of 3399 bp.   
7.2.5.2 Staphylococcus aureus 
I used a complete set of the S. aureus MLST database as of October 2009.  Two sets of 
analyses were ultimately performed on the data.  Initially I examined the data using only 
sequence types that had at least one isolate associated with them in the MLST database. This 
is because the S. aureus database is lacking information about the origin of a large proportion 
of its STs, and some of these may be spurious. This initial dataset comprised 935 unique STs 
following the removal of 8 STs which contained alleles with insertions or deletions (STs 753, 
957, 1166, 1209, 1248, 1329, 1392 and 1471).  Following the initial analysis I performed an 
admixture analysis and used the software package BRAT to identify recombinant segments in 
the STs examined.  This identified a group of STs (see appendix for full list) that had alleles 
appearing to originate from an outside source.  Using NCBI BLAST I identified the origins of 
these alleles and concluded that most of these STs were probably present as a result of 
contamination.    The groups produced were examined using eBURST and compared with the 
results presented by Cooper and Feil [161].  Following this analysis a second analysis was 
performed using all of the STs in the database as of October 2009.  This dataset comprised 
1404 unique STs, once 9 STs were removed because of the presence of insertions or deletions 
in their sequence (these were the 8 removed in the first analysis plus ST 1352).  The dataset 
was clustered using BAPS and the clusters compared to the results of Cooper and Feil.  To 
visualise the dataset I make use of phylogenetic trees produced using the software package 
MEGA 4 [150]. The trees were generated using the concatenated sequence for all 7MLST 
loci with a total length of 3198 bp.   
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7.2.5.3 Streptococcus pneumoniae 
To perform the analysis on S. pneumoniae, a complete set of the S. pneumoniae MLST 
database for isolates up to those with an ID number of 3770 was used. The ddl locus was then 
excluded from the analysis on account of its location close to penicillin binding protein 2b. 
This is because its close location to penicillin binding protein 2b results means that this locus 
is subject to the effects of hitchhiking and selection. The dataset containing STs with 7 loci 
was reprocessed by Bill Hanage, who also added sequences from three related species, S. 
pseudopneumoniae, S. mitis and S. oralis. Where 2 STs differed at only the ddl locus, in this 
analysis they are considered to be identical. This produced a dataset comprised of 1930 
unique isolates identified as S. pneumoniae. 39 isolates of S. pseudopneumoniae, 40 of S. 
mitis and 15 of S. oralis made up of 6 of the 7 loci described previously. The final dataset 
was analysed using BAPS by Jukka Corander and Jing Teng.  I made use of the cluster 
assignments to examine the distribution of alleles amongst the clusters defined.  To do this, I 
extracted the allelic profiles for STs examined and defined alleles as either belonging to only 
one cluster, or being present in multiple clusters. This work was complemented by the 
admixture analysis performed by Jing Teng and Jukka Corander.  
7.2.5.4 Haemophilus Dataset 
I used a complete set of the publically available STs for Hi obtained from www.mlst.neton 
the 4th of June 2009.  Two of the STs retrieved (STs 71 and 268) were excluded from the 
analysis on account of the presence of insertions or deletions within the allelic sequence. This 
was done because insertions or deletions would introduce gap characters that could cause 
problems with the BAPS analysis. Once these two STs were removed, it provided a dataset 
comprising 620 individual isolates, each characterised by 7 sequences, as described 
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previously [178].  There have been several studies examining the population structure of Hi, 
however, none of them have made use of as many unique individuals as is present in the 
dataset.  To subdivide the population and estimate the amounts of admixture between 
population clusters, I used the software package Bayesian Analysis of Population Structure 
(BAPS) [2-4].  As discussed in the previous chapter, BAPS clusters individuals based on 
shared patterns of variation.  The clusters can then be used to estimate amounts of admixture 
between populations.  As demonstrated in the previous chapter, this admixture provides an 
indication of the amounts of recombination present in a dataset.  Having assigned each ST to 
a cluster using BAPS, I examined the association of those clusters with serotypes recorded in 
the database, and the congruence of these clusters with previously defined lineages.  I used 
the admixture analysis results to identify STs that showed characteristics of more than one 
population. These results were then used to examine the extent to which the presence of 
admixture is associated with particular clusters, and the extent to which the presence of 
admixture is associated with the possession of a serotype. To assess the significance of the 
difference in the presence and amount of admixture within clusters, I performed χ2 tests and 
applied the Bonferroni correction to the p-values obtained. 
I also used trees to visualise the dataset, which were produced using the software package 
MEGA 4 [150]. The trees were generated using the concatenated sequence for all 7 loci with 
a total length of 3057 bp.  However, Hi is a recombinogenic organism [184], and the trees are 
therefore only useful to demonstrate the broad relationships between clusters.  
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7.3 Results 
7.3.1 Population Subdivision 
7.3.1.1 Staphylococcus aureus 
The initial BAPS analysis of S. aureus identified 5 clusters.  Two of these were clearly 
divergent, as evidenced by the long branch lengths when the sequences were used to generate 
a tree (Figure 7.1).  
 
Figure 7.1. Neighbor joining tree produced using MEGA 4 showing the Staphylococcus aureus dataset with 
BAPS cluster assignments overlaid on top 
Admixture analysis was performed on the results, followed by an analysis using the software 
package Bayesian Recombination Tracker (BRAT) [144]. This analysis identified that 
members of Cluster 4 had segments that were sufficiently different that they appeared to have 
0.01 
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originated from outside S. aureus. Investigation of these alleles using a BLAST [185] search 
of the NCBI databases produced closest matches for alleles from Staphylococcus 
haemolyticus, warneri, and saprophyticus.  These are all species of Staphylococcus that 
colonise similar hosts and environments to S. aureus [186].  As the recombination rate in S. 
aureus is known to be low, it is likely that these represent either members of a different 
species or some form of contamination of S. aureus samples. This example provides a useful 
proof of principle test for the BRAT-Frame idea suggested in the previous chapter. Using 
BRAT to identify ‘recombinant’ segments, and then removing these from the analysis, the 
divergent strains are then located in the main body of S. aureus STs when the tree is 
reproduced.  This shows simply how BRAT could be used to provide a lightweight method 
for removing the effects of recombination from a dataset prior to the production of trees. 
These results also demonstrate how a clustering method such as BAPS can detect divergent 
sequence and highlight it for the researcher. 
When the divergent clusters are excluded, the initial results subdivide S. aureus into 3 
clusters.   These clusters represent groups containing several clonal complexes as defined by 
eBURST (Figure 7.2). There are no cases of a clonal complex containing isolates that fall 
into more than one cluster. The most similar isolates between clusters are different at more 
than two MLST loci.   The clusters produced correspond well to the subdivisions proposed by 
Cooper and Feil [161] (Figure 7.2, insert), with a couple of exceptions.  With the addition of 
extra sequence data BAPS moves STs 10 and 22 from the cluster that contains the rest of 
‘Group 1a’ into which Cooper and Feil had originally grouped them [161].  ST 10 is grouped 
instead with members of ‘Group 1b’ while ST 22 is grouped with members of ‘Group 2’ in 
my analysis.  ST 55 was identified as possibly being part of Group 2; in this analysis BAPS 
groups ST 55 with individuals from ‘Group 1b’.
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Figure 7.2. The three main BAPS clusters overlaid on a Minimum Evolution tree created using MEGA 4 [150]. The most optimal tree is shown. The evolutionary distances were computed using the 
Maximum Composite Likelihood method [151].  The tree was searched using the Close-Neighbour-Interchange (CNI) algorithm [187]at a search level of 1 The eBURST [6] diagrams for each cluster 
are shown.  Insert, top right shows the figure from Cooper and Feil displaying the Staphylococcus aureus groups that they determined [161]. 
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Figure 7.3.Results of the second analysis with all STs present in the MLST database. Tree generated from 1384 STs making up the 4 main clusters predicted by BAPS in the larger analysis. The 
BAPS clusters are overlaid on a Minimum Evolution tree created using MEGA 4 [150]. The most optimal tree is shown. The evolutionary distances were computed using the Maximum Composite 
Likelihood method [151].  The tree was searched using the Close-Neighbour-Interchange (CNI) algorithm [187] at a search level of 1.  .  Insert, top right shows the figure from Cooper and Feil 
displaying the Staphylococcus aureus groups that they determined [161]. 
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  The initial analysis suggested that the division identified by Cooper and Feil  of the S. 
aureus species was detectable using BAPS and MLST loci.  Following this analysis a second 
analysis was performed using the full set of STs in the MLST database.  When the analysis 
was repeated using this larger dataset, (incorporating an extra 477 STs), the cluster 
corresponding to Cooper and Feil's ‘Group 2’ was subdivided by BAPS into two clusters.  In 
this case, the addition of extra sequences may provide extra resolution, enabling the further  
subdivision of this group that was not possible using the smaller datasets (Figure 7.3). 
However, this group does require further examination to ensure this is not a spurious 
subdivision, as occurred in a number of the results examined in the previous chapter.  The 
addition of the extra STs results in little change to the compositions of groups 1a and 1b, with 
ST 55 still being assigned to the same cluster as STs belonging to Cooper and Feil’s Group 
1b. Group 1b is interesting for other reasons.  Marcus Shepheard in this department noticed 
that this cluster is significantly associated with non-human sources.  The S. aureus database is 
heavily biased towards human samples, but in spite of this there appears to be a correlation 
with nonhuman isolates and Cluster 4. Interestingly, Cluster 4 also contains a significantly 
higher proportion of nonhuman singletons compared with human singletons than the other 
clusters (χ2 p-value of  0.0009). In general, if all of the singletons in the clusters are examined 
(including those from unknown sources), Cluster 4 has a much larger absolute number of 
singletons, and a much larger proportion of singletons than the other clusters (Table 7.1).  
This feature implies that Cluster 4 may actually be under sampled, relative to the other 
clusters, and that there may be a great deal more unobserved diversity in this grouping.  The 
addition of more samples over time, particularly from animal sources, if the correlation is 
correct, should work to rectify this. 
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  Cluster  
Source 1 2 3 4 
Human 16 20 23 18 
Non human 3 2 1 14 
Unknown 30 21 20 30 
Total 49 43 44 62 
Total as a proportion of STs in cluster 0.11036 0.132308 0.111392 0.281818 
Table 7.1. STs in the second analysis which are unassigned to a clonal complex (i.e. singletons) when the 
population is examined using eBUST, divided by BAPS cluster and the source of the ST 
7.3.2 Population Subdivision and Phylogeography 
7.3.2.1 Burkholderia pseudomallei 
The BAPS analysis of the Burkholderia database identified 5 clusters.  The results are 
displayed in Figure 7.4.   
 
Figure 7.4. BAPS cluster assignments for the B. pseudomallei MLST database overlaid onto a phylogenetic tree 
generated using the Neighbor-Joining method using MEGA 4 [150]. The evolutionary distances were computed using 
the Maximum Composite Likelihood method [151].  Tress produced using the concatenated sequence from all 7 
MLST loci, giving an alignment of 3399 bp in length. 
0.005 
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Three of the clusters are isolates from related species – identified in the database as B. 
oklahomensis, B. thailandensis and B. thailandensis-like.  The two main clusters represent a 
subdivision of the B. pseudomallei species (Figure 7.5).   
 
 
Figure 7.5. BAPS cluster assignments for members of the B. pseudomallei species present in the Burkholderia 
MLST database, superimposed onto a phylogenetic tree produced with the Neighbor Joining method using the 
programme MEGA 4 [150]. The evolutionary distances were computed using the Maximum Composite Likelihood 
method [151].  Tress produced using the concatenated sequnce from all 7 MLST loci, giving an alignment of 3399 bp 
in length. 
 
It has previously been suggested that the B. pseudomallei population is subdivided into two 
distinct subpopulations, one from Australia and the other from South East Asia [157].  The 
separation of these two populations by phylogenetics using MLST loci is difficult, as 
demonstrated by the tree in Figure 7.6.  This difficulty is because B. pseudomallei has a high 
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recombination rate, but only limited allelic diversity. This means that the phylogenetic signal 
required to separate the populations using tree drawing methods is not sufficient unless many 
more loci are used.   In spite of the problems that this poses for phylogenetic methods, the 
BAPS clusters show a statistically significant association with geographic location (p-value 
of <0.001 assessed by χ2 test).   
 
Figure 7.6. Showing the geographic location of STs of B. pseudomallei superimposed onto a phylogenetic tree.  
The tree is produced using the concatenated sequence for the STs of B. pseudomallei.  The tree was created using the 
Neighbor Joining method as implemented in MEGA 4 [150]. The evolutionary distances were computed using the 
Maximum Composite Likelihood method [151].  Trees produced using the concatenated sequnce from all 7 MLST 
loci, giving an alignment of 3399 bp in length.  The bar chart illustrates the separation of STs between BAPS cluster, 
based on geographic region of origin. 
7.3.3 Population subdivision and Detection of Differential Amounts of 
Recombination 
The S. aureus and B. pseudomallei examples provide real world examples of how BAPS 
clustering operates on bacterial data.  In both of these cases, BAPS is used to look for 
evidence of relatively simple, high level subdivision. The results demonstrate how methods 
Asia 
Oceania 
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such as BAPS can be successfully employed to highlight deep phylogenetic divisions (in the 
case of Staphylococcus aureus) or identify phylogeography using less phylogenetic signal 
than is required for normal phylogenetic clustering (in B. pseudomallei).  As demonstrated in 
the previous chapter, BAPS admixture analysis could be used to look at recombination in 
bacterial populations.   Using BAPS I explored population structure and patterns of admixture 
in two commensals of mucosal membranes; Streptococcus pneumoniae and Haemophilus 
influenzae (Hi). 
7.3.3.1 Detection of Recombination in Streptococcus pneumoniae 
The analysis of the Streptococcus dataset produced 6 clusters.  These correspond to three 
related species (S. mitis, S. pseudopneumoniae and S. oralis), and 3 clusters that contain only 
Streptococcus pneumoniae (Figure 7.7).  
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Figure 7.7. A) admixture results produced by BAPS analysis of Streptococcus pneumoniae dataset of 2024 
Streptococcal isolates, containing 1930isolatesidentified as S. pneumoniae, 39 as S. pseudopneumoniae, 40 as S. mitis 
and 15  as S. oralis.  Within the admixture graphic each column represents a strain, with the colours within that 
column representing the cluster of origin of that strains genetic material. Solid bars indicate no admixture, broken 
bars indicate the presence of significant admixture within a strain (pvalue < 0.05), between the strain and marked 
cluster. The strains are reordered to display clusters as a contiguous blocks.  B) is a minimum evolution tree 
constructed using MEGA 4 [150]  from the concatenated sequence used to produce the BAPS analysis. The most 
optimal tree is shown. The evolutionary distances were computed using the  Kimura two parameter method. STs are 
coloured based on their cluster membership.  Figure reproduced from [167].   
Initially I performed an analysis of the population examining the distribution of restricted and 
shared alleles amongst the clusters.  I defined a restricted allele as an allele that is present in 
STs found in only one cluster; while a shared allele is found in STs in more than one cluster. 
This analysis showed that Cluster 4 – despite its small size, possessed a higher ratio of alleles 
to sequence types than was found in the other clusters, and a higher ratio of shared alleles to 
total numbers of sequence types than the other clusters (Table 7.2).  
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Cluster Number of Sts 
Total Number of 
alleles 
Number of shared 
alleles 
Cluster 1 757 395 195 
Cluster 2 817 368 204 
Cluster 4 371 296 153 
Table 7.2. Counts of alleles and sequence types within BAPS clusters 
This feature may be as a result of the action of recombination. Further analysis of the cluster 
revealed that unlike the other pneumococcal clusters, 92 of the STs in Cluster 4 share alleles 
which cluster with those present in the non-pneumoniae clusters, when displayed on 
phylogenetic trees. This feature suggests that individuals in cluster 4 have been involved in 
long range recombination events in their recent evolutionary history, and implies a higher rate 
of between-cluster recombination in individuals from this cluster, compared with others in 
the population. When the clustering results were analysed using a BAPS admixture analysis 
(carried out by Jukka Corander and Jing Teng) the results identified that cluster 4 contained a 
large number of individuals that showed a large amount of admixture with other clusters 
(Figure 7.8). 
 
Figure 7.8. BAPS Gene Flow diagram. The diagram is computed from the results of the admixture analysis by 
BAPS. The results are produced from admixture that is significant with a p-value < 0.05. As well as indicating the 
presence of admixture, BAPS estimates the proportion of the sequence for each individual that is characteristic of a 
different cluster. The numbers in this diagram represent the average per-strain proportion of sequence characteristic 
of a different cluster, for the individuals present in each named cluster.  Arrows indicate the directionality of the 
exchange. Figure reproduced from [167] 
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Further analysis carried out by Bill Hanage revealed that Cluster 4 individuals showed a 
significant association with the possession of antimicrobial resistance [167]. 
7.3.3.2 Haemophilus influenzae  
The results of the BAPS analysis of Hi identified 11 clusters, and these are summarised in 
Table 7.3, broken down by serotype.   
 
Table 7.3. BAPS cluster breakdown by serotype 
To assign serotypes to STs I identified the serotype reported for all the isolates associated 
with each ST within the MLST database, and used this as a basis for assigning serotypes to 
STs.   In most cases all of the isolates associated with an ST were reported as having the same 
serotype.  In 2 cases (STs 12 and 84) an ST is found in isolates identified as ‘NT’ and others 
identified as a named serotype. Where this has occurred I consider the ST to be associated 
with the named serotype. In these cases, an ‘NT’ result is not necessarily indicative of a lack 
of serotype, but may be due to the test used to determine a serotype [188]. For the same 
reason, in a further case (ST 199), individuals are assigned serotypes where their serotype by 
serology is recorded as ‘NT’ but their serology by PCR is recorded as a named serotype. In 
one other case (ST 188) the ST is described as being serotype b by serology and serotype f by 
PCR.  As I cannot confirm which of these is correct, I included ST 188 as a typeable 
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individual in the analyses, but treat the serotype as ‘unknown’ in the summary of results in 
Table 7.3.  Other than these specific cases, there were no further ambiguities in assigning 
serotypes to STs.  The BAPS results clearly demonstrate broad concordance between cluster 
and serotype.  However, the majority of STs are NT strains and their diversity is evidenced 
by their presence in each cluster. NT STs also form the majority of records in each cluster 
with the exceptions of cluster 1 and cluster 4, which are associated with serotypes b and e 
respectively. Clusters 8 and 10 contained a sizeable minority of typable STs (representing 32 
and 48 percent of these clusters respectively). NTs make up the vast majority (90%+) of the 
remaining clusters.  The single ST in cluster 2 is separated into a discreet cluster because it is 
clearly divergent from all other strains. An examination of the alleles associated with this 
strain using BLAST indicated that 6 of the 7 alleles had an origin in a related species, 
Haemophilus quentini. It is therefore likely that this ST is an example of this species, rather 
than of Hi, and as such Cluster 2 is excluded from the admixture analyses.  
 In the past, the Hi population has been subdivided based on phylogenetic relationships and 
serotype expression into lineages and groups [178].  BAPS supports the validity of several of 
these classical subdivisions (Figure 7.9), and produces clusters that match up well to those 
previously described, despite the addition of much new diversity.   
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Figure 7.9. Illustration of the concordance of BAPS clusters with classical divisions of Hi, and demonstration of 
the large amount of extra diversity present within the population.  The tree is produced from the concatenated 
sequence for the STs examined. The tree is generated using the Neighbor-Joining method as implemented in MEGA 4 
[150]. The evolutionary distances were computed using the Maximum Composite Likelihood method [151].  Tress 
produced using the concatenated sequence from all 7 MLST loci, giving an alignment of 3057 bp in length. Each ST is 
assigned a colour based upon its cluster membership as defined by BAPS.  Classical lineages are as described in [178] 
Cluster 10 contains the individuals identified previously as belonging to Hi ‘group 2’.  The 
classical ‘group 1’ individuals correspond well to cluster 8, with a number of exceptions.  
The individuals with serotype e (classically described as Lineage F/G, and grouped with 
‘group 1’) are clearly a separate cluster, distinct from both the classical group 1 and 2. The 
addition of new diversity also breaks the lineages (A1/2) containing serotype b away from 
‘group 1’.  Almost all of the members of serotype b lineages A1/A2 are present in cluster 1, 
with one individual (ST 31) present in cluster 3.  It has been noted previously that the support 
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for the inclusion of ST31 into the A1/2 lineage was not strong [178], and this result would 
suggest that ST31 should not be included as a member of A1/2 lineage. The two individuals 
identified as lineage B1 previously are now separated into two separate clusters (clusters 8 
and 7). The serotype groupings in Figure 7.10 highlights several of the correlations of 
serotype with cluster, most obviously cluster 1 and serotype b and cluster 4 and serotype e.  
 
Figure 7.10. Illustration of the distribution of encapsulated Hi amongst the population. Tree is produced from 
the concatenated sequence for the STs examined. The tree is generated using the Neighbor-Joining method as 
implemented in MEGA 4 [150]. The evolutionary distances were computed using the Maximum Composite 
Likelihood method [151].  Tress produced using the concatenated sequnce from all 7 MLST loci, giving an alignment 
of 3057 bp in length.  Each ST is assigned a colour based upon its possession (or not) of a capsule and associated 
serotype.  Classical lineages are as described in [178] 
However, they also emphasise the amount of diversity that is present due to NT individuals.  
This analysis makes it clear that the classical groupings (published in 2003 when the MLST 
database was much smaller) fail to capture the full diversity within the population.   
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The population admixture graph displayed in Figure 7.11 is produced by grouping the STs 
together based on their assigned cluster, and representing the likely cluster of origin of the 
sequence for each ST as a coloured column.  
 
Figure 7.11. Population admixture graph produced by BAPS. Each column represents a strain.  Solid colours 
reflect unadmixed strains, where a column is broken into two or more colours admixture has been detected in that 
strain , with the appropriately coloured cluster(s). 
With the exceptions of clusters 6 and 9 all of the clusters contain individuals exhibiting some 
polymorphisms inferred to be typical of other clusters, a signal consistent with 
recombination. However, other than cluster 3, the majority of individual STs in each cluster 
do not show any evidence of admixture.  In cluster 3 approximately 65% of STs contain 
polymorphisms characteristic of other clusters.  In several instances the signal detected by 
BAPS is unsurprising given the placement of the admixed strains on the tree – for example 
individuals in cluster 11 that display admixture with cluster 5.  Cluster 3, in addition to 
having a far larger proportion of the cluster showing some admixture than any of the other 
clusters, is admixed with clusters distributed around the tree including clusters 5, 7, 8 and 11.  
Displaying the admixture results in terms of the average amount of admixture per individual 
also highlights the large amounts of admixture present in individuals from cluster 3 (Figure 
7.12) - with an average of 21% of the sequence for each ST in that cluster being characteristic 
of a cluster other than cluster 3. 
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Figure 7.12.Gene flow diagram produced by BAPS.  The diagram is computed from the results of the admixture 
analysis, numbers represent average per-strain proportion of concatenated sequence exchanged.  Arrows indicate the 
directionality of the exchange. 
The admixture results provide a basis for examining amounts of admixture amongst the 
typables and NTs.  I found a significant difference (corrected χ2p-value of 0.01248) in the 
numbers of individuals showing admixture between the typable and NT populations as a 
whole. Figure 7.13 shows the extent to which NTs are not only more likely to be admixed, 
but also show larger amounts of admixture than typables  – even when the NT clusters are 
compared to cluster 1, which is relatively admixed.   
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Figure 7.13. Amounts of admixture recorded arranged by size for three representaive clusters - admixed 
encapsulated (Cluster 1), admixed unencapsulated (Cluster 7) and highly admixed unencapsulated (Cluster 3). 
This analysis fails however to discriminate between the competing roles of capsule and 
cluster in relation to amounts of admixture. Is the inferred amount of recombination due to 
the absence of a capsule or to some other property of the lineage or cluster in question? To 
probe this I examined clusters 4, 8 and 10, each of which contain a mixture of encapsulated 
and NT STs (in each case the minority type making up at least 25% the cluster). The mixed 
groupings provide an opportunity to examine the difference in admixture amongst closely 
related typable and NT individuals. To examine the differences in amounts of recombination 
within lineages, I pooled these two groupings, and assessed their difference using a chi-
squared test, finding a significant difference in the presence or absence of admixture within 
individuals in these two groupings (corrected χ2 p-value of 0.000235) with more admixture in 
the NTs. The BAPS analysis also allows an examination of the amounts of admixture present 
within individuals in a cluster 
Examining the amount of admixture between individuals of the mixed clusters (Figure 7.14) 
demonstrates a large difference between the patterns of admixture amongst typable and NT 
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individuals within those clusters (4, 8 and 10). This suggests that individuals without a 
capsule are more likely to be admixed than close, encapsulated, relatives. 
 
Figure 7.14. Contribution to recorded admixture and amount of admixture amongst encapsulated and 
unencapsulated strains in the mixed lineages.  Total height of bars is the proportion for the whole cluster, dark 
colours represent the contribution of encapsulated STs to the proportions observed 
In order to directly examine the test the significance of large scale admixture, I arbitrarily 
defined 35% as a large amount of admixture for an individual strain to exhibit (representing 
more than two genes worth of sequence), and I prepared a set of binomial counts for the 
presence or absence of this level of admixture, over the whole population.  At a population 
level, there is a significant difference in the numbers of typables and NTs exhibiting large 
scale admixing (corrected χ2 p-value of 0.0162).  Examining the mixed clusters alone also 
shows a significant difference in the numbers of typables and NTs exhibiting large scale 
admixing (corrected χ2 p-value of 0.0130).  
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7.4 Discussion 
7.4.1 Population clustering and subdivision 
7.4.2 Staphylococcus aureus and Burkholderia pseudomallei 
The results for B. pseudomallei are significant for two reasons.  Firstly, they demonstrate the 
presence of phylogeography in the B. pseudomallei species. This is interesting because it 
suggests that the two subpopulations in B. pseudomallei have not been sharing alleles for 
some time.  The results also serve to demonstrate that BAPS can have a greater resolving 
power than traditional phylogenetic methods.  BAPS was able to cluster, undirected, the B. 
pseudomallei population, and capture the phylogeography present therein.  When the results 
produced by BAPS are contrasted with those produced by methods such as phylogenetic trees 
or eBURST (results in Appendix), it is clear that in this dataset BAPS provides an extra layer 
of resolution to a dataset. The detection of phylogeography demonstrates the power of BAPS 
as a method; in populations with high rates of recombination and low amounts of allele 
diversity, the algorithm was able to divide the populations based on the results of 
recombination, producing clusters that correspond to groups of individuals that have a shared 
history of recombination.  In the case of S. aureus BAPS is not detecting phylogeography, but 
is providing statistical support for the presence of deep phylogenetic subdivision of a species.  
Similarly to the Burkholderia case, BAPS is able to subdivide a population with less 
information than a phylogenetic method would require, as evidenced by the individuals from 
different regions clustering together on the tree; but not in the BAPS analysis.  The results are 
also interesting as the introduction of more sequences resulted in a subdivision of one of the 
groups found previously.  The question of whether this is a real group, or an artefact of 
sampling or the limited number of loci examined is open, and further studies on the biology 
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of members of these groups would be necessary to demonstrate whether the subdivision of 
Cooper and Feil’s ‘Group 2’ is a true subdivision or artefact of the method used. The 
importance of further work before accepting the proposed subdivision is demonstrated by the 
results contained in the previous chapter which demonstrate that in some cases 7 genes do not 
contain sufficient information for BAPS to resolve the true cluster boundaries which are 
present.  This demonstrates the value of assessing the performance of methods such as BAPS, 
so as to prevent a misinterpretation of the results it produces.  
7.4.3 Detection of Differential Amounts of Recombination 
7.4.4 Streptococcus pneumoniae 
The results demonstrate that one of the clusters detected by BAPS – Cluster 4 – shows signs 
of a higher rate of recombination than the other clusters examined.  The presence of many 
restricted alleles may, potentially, be as a result of incomplete sampling for members of this 
cluster, however this is counterbalanced by the number of shared alleles which are present; 
both those shared with pneumococci and those which group with non-pneumococci [167]. In 
general cluster 4 has a higher ratio of distinct alleles to total STs than the other clusters, 
suggesting that its alleles are more mixed. Combined with the presence of divergent alleles, 
and supported by the results of the admixture analysis, the individuals of Cluster 4 appear to 
be defined by genomes that are made up of a wide variety of alleles, many of which appear to 
have origins in other clusters.  These results suggest that these individuals may be in a hyper-
recombinogenic state that results in them more readily recombining than other individuals in 
the population, explaining the number and variety of alleles present in this cluster [167].  This 
may also explain the mechanism by which antimicrobial resistance entered the S. pneumoniae 
population, an idea that is supported when the isolates assigned to STs found in cluster 4 
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were analysed – these showed  a significant association with antimicrobial resistance [167].  
These results serve to demonstrate that BAPS admixture analysis can be used to detect 
patterns of gene flow within bacterial populations.  The signature of hyper-recombination 
detected here; characterised by large amounts of gene flow into cluster 4 may be detected in 
other organisms, and this mechanism may play an important role in driving the evolution of 
species where it is present.  Where this characteristic is detected in other species, it may be 
that in these cases a hyper-recombinogenic state is also present. 
7.4.5 Haemophilus influenzae 
The diversity that is observed amongst the NT individuals within the Hi MLST.net database, 
with no obvious biological basis for delineation has made subdividing the population difficult 
in the past.  The BAPS clusters produced here, when overlaid onto a phylogenetic tree appear 
to provide an effective method for the subdivision of the population into groupings for further 
analysis. On a population level NTs are more likely to be both admixed, and admixed over 
several genes compared to members of the typable population. This characteristic is likely to 
make the identification of firm borders between NT lineages difficult, but with increasing 
numbers of STs becoming available, the borders between clusters should resolve themselves 
further, potentially enabling a classification of NT lineages to complement the serotype 
classifications.  Typable Hi appear in a relatively small number of clusters, and in line with 
previous findings appear to separate into distinct lineages, which can be grouped together. 
The BAPS analysis here provides support for the reclassification of the type e lineages into a 
separate group [178].  In addition, the results suggest that the traditional group 1 subdivision 
could be reclassified to include only members of cluster 8, while retaining many of the 
traditional members of this grouping.  Similarly, group 2 membership could be defined based 
on membership of cluster 10 in this analysis. Given the concordance between the previously 
258 
 
described groupings and the BAPS clustering, this method appears to be effective as an 
automated and empirical method for subdividing the population.  
 In comparison to the typables, the NT clusters exhibit a wide range of admixture amounts; 
clusters  6 and 9  show no admixture, and cluster 11 shows a lower amount of admixture than 
the typable cluster 1.  Cluster 3, in comparison, shows a very high level of admixture.  It is 
possible that clusters 6 and 9 may represent lineages of Hi that are in some way isolated from 
the rest of the population, explaining in their lack of admixture.  The admixture analysis on 
members of clusters 4, 8 and 10 also provides a mechanism for directly comparing 
differential amounts of admixture amongst individuals from a similar genetic background.  
The significant difference in admixture between the pooled samples demonstrates the 
difference between typable and NT individuals, although several possible reasons for this 
difference may exist.  Determining if the difference in amounts of admixture is due to a lack 
of opportunity to take up DNA on the part of the typables (on account of differences in the 
dynamics of carriage between encapsulated and unencapsulated strains), or due to a 
mechanistic limitation related to the possession of a capsule is another question. The presence 
of admixed STs expressing a serotype would seem to imply that typable individuals have no 
mechanistic limitation preventing them from taking up DNA; however in the case of 
serotypes such as serotype e, where only one individual shows admixture, it is possible that 
admixed typable individuals may actually be NT individuals that have gained a serotype. 
These results may also provide insight into how NT individuals within some clusters might 
be expected to have ‘lost’ their capsule; within clusters 4, 8 and 10 where NTs are 
significantly more admixed than typables the loss of their capsule may have been expected to 
have occurred by recombination, while in a cluster such as cluster 1, where overall admixture 
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rates are not particularly high, the “loss” of capsule may be more likely to be due to simple 
down regulation of expression.   
The argument that admixture in NTs is a function of opportunity is supported by the results 
that NTs exhibit significantly larger amounts of admixture on an individual basis than 
typables, as this is what would be expected based on the frequent carriage of NTs compared 
to typables observed in the population [189].  Two obvious further questions relate to the 
association of clusters with geographic location and disease. The clusters do not appear to 
show any obvious correlation with geography.  I also found no correlation between any of the 
NT clusters and the diseases that they cause. It is possible that the lack of obvious ‘carriage’ 
and ‘disease’ clusters is as a result of the bias in sampling that is present within the database 
resulting in an over-representation of NT individuals isolated only from normally sterile sites 
that has been commented on previously [179].  However, given the seeming continuum of 
diversity within the population, it is also possible that the bias (that has reduced since the 
previous comment was made, and should continue to reduce over time as more carriage 
samples are added to the database, and as ‘disease’ STs are also identified in carriage 
samples) doesn’t have a direct effect on the results.  If most NT Hi disease is sporadic, then 
this, combined with the size of the database may provide a sufficiently randomized sample to 
produce useful results in relation to the general population structure of Hi.   
The Hi results demonstrate another case where BAPS sensibly clusters a population.  BAPS 
groups together known lineages and subdivisions, while providing a sensible basis for 
subdivision amongst diversity which has yet to be classified. BAPS also appears to show that 
NT Hi is significantly more admixed than typable Hi.  The exact reasons for this will require 
deeper investigation of the Hi population.  The cause, be it due to mechanistic or genetic 
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factors (or, indeed a combination of the two), is clearly not a question that it is possible to 
answer from the data in the MLST database alone.  It is likely that the differences which were 
detected here should become clearer with the increasing prevalence of large scale whole 
genome datasets. It is also somewhat unfortunate that further isolate information is lacking 
within the Hi MLST database.  The large amount of gene flow observed into Hi cluster 3 is 
similar to the pattern produced by hyper recombination in the pneumococcus; but without 
samples from other species and ancillary data such as microbial resistance, it would be 
difficult to demonstrate this clearly for the Hi dataset.  However, as more data become 
available, and as more whole genome datasets are published for Hi, it should be possible to 
derive better methods for detecting the signature of hyper-recombination in this and other 
species. 
7.5 Conclusion 
This chapter demonstrates how methods such as BAPS can be successfully applied to large 
bacterial datasets. The results contained in this chapter illustrate the use of methods that can 
be used to interrogate multilocus datasets to examine population subdivision in the forms of 
phylogeography and deep phylogenetic division.  The methods also facilitate an analysis of 
recombination within species.  These latter analyses reveal a mechanism (hyper-
recombination) that appears to exist within one species – S. pneumoniae,  which may be 
linked to the acquisition of antimicrobial resistance in that species.  These analyses also 
facilitate an examination of Hi.  The results suggest a sensible subdivision of this species 
which also fits well with the classical subdivisions of the species, they also  determine that 
recombination rates vary significantly depending on whether an individual possesses a 
capsule or not.  These results provide a possible explanation for the higher diversities 
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observed in NT strains – more frequent recombination.  They also hint at another situation 
where hyper-recombination may be present and acting on the populations concerned.  These 
analyses collectively demonstrate the methods that can be harnessed to examine a range of 
multilocus data similar to that held in MLST databases, as well as revealing new and 
interesting features relating to the populations and dynamics of four significant pathogens of 
man. 
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8 General Conclusions and Summary 
The results contained in this thesis serve, first and foremost to demonstrate that in many ways 
technology has moved much faster than our capacity to analyse the data that it produces. 
Since the development of neutral theory in the 1960’s there has been a large amount of work 
focused on the development of tests and statistics to examine populations.  The results 
demonstrate that in many ways the tests that have been developed can only reveal very 
limited amounts of information about populations that we may wish to examine. 
Chapters three and four demonstrated the similarity between processes such as bottlenecks 
from patch colonisation and patch extinction and the effects of selection.  These chapters 
demonstrated that the results produced by models such as the ecotype model which use 
selection to explain the diversities observed in bacterial populations could be reproduced by 
simple mechanics which relate, effectively, to the environment of the organisms considered.  
This creates a problem for the testing of selection, demonstrated in Chapter 5, where a widely 
used test of neutrality – the Ewens-Watterson test – was shown to be prone to rejecting the 
null hypothesis of neutrality in any population which deviated from a single patch ideal, even 
when that population was neutral.  Natural selection clearly does occur in populations; but the 
results in chapters three and four demonstrate that neutral populations can produce the large 
reductions in population level diversity, and the simple dynamics present in these neutral 
populations will provide a more parsimonious explanation than selection.  These findings 
serve to raise the bar for the rejection of neutrality as a null hypothesis in many populations 
and studies, as well as demonstrating that even after 50 years of work, much more work is 
required to be able to separate the effects of selection from simple neutral dynamics.  
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The results produced in chapters 3 and 4 also serve to demonstrate the difference between 
single patch models and those with metapopulation structure.  These features demonstrate 
another; there are many population genetics methods which were proposed, and verified, 
using simple models which did not feature the presence of effects such as turnover or 
recombination. Chapter 5 demonstrates that for several of these methods the effects of 
subdivision and turnover can be an impediment to their effectiveness, and that the type of 
recombination present in a population - be it occurring between individuals within the same 
patch, or between individuals located anywhere in the population – can also have a 
significant bearing on the results produced by several of the statistics concerned.  
Fundamentally the results in Chapters 3, 4 and 5 demonstrate that in many cases population 
genetic statistics provide general information about a population, but while they may be 
describing a population as ‘diverse’ or ‘differentiated’ they provide no information on the 
processes which produce these results. Similarly the effects of sampling bias likely to be 
present in many of the large datasets currently available may exacerbate the limitations of 
population genetic statistics.  In some cases, however, the general inference which can be 
gained from the analysis of populations using some of these statistics may be sufficient for 
the useful analysis of a population. Using Gst and the neutral microepidemic model together 
may help to ensure that the model is correctly applied, for example. In this way these 
statistics can continue to be useful, while other methods are developed and refined which can 
reveal deeper information about a population. Chapter 6 introduced two of the more 
‘advanced’ methods for analysing populations, and showed that, like population genetics 
statistics they too have a clear performance envelope, outside of which they perform less 
well.  However, as was demonstrated in chapter 7, when these methods are applied 
appropriately, they can produce useful and interesting results from population data.  
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In a more general sense this work demonstrates that the suite of models and methods 
available in population genetics is incomplete.  The results point to the challenge that remains 
in developing methods for extracting information about populations from data.  This is 
particularly important as amounts of data increase.  With the advent of low cost, high speed 
genomic sequencing even simple data handling analysis necessarily pass into the domain of 
high performance computing.  Many of the methods which have been developed in the past – 
such as ClonalFrame, BAPS and other methods such as BEAST [68] will be far too slow to 
analyse the large quantities of genomic data which will be available over the next few years.  
These results demonstrate that classical summary statistics may not be able to reveal much 
more than general features of a population.  It remains to be seen if the fields of population 
genetics and bioinformatics can rise to the challenge and produce fast, scalable methods 
which make the full use of sequence data to extract deep, meaningful information from this 
new data as it arrives.  The results presented suggest that this task will pose a formidable 
challenge.  
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9 Appendix 
Appendix 1 Slatkin’s Model 2 
Slatkin’s model II [42] can be described as a population of n patches, each of equal size 
containing N individuals. Each generation is discreet and each individual is assumed to be 
representative of the bacteria infecting one host.  Each generation, the individual will migrate 
to another patch with probability em.  A portion of patches go extinct each generation, with a 
per patch probability of ex.  It is assumed that the population being modelled is at a steady 
state, and so when one patch goes extinct, it is assumed that a new patch is infected to replace 
it, keeping the population at a constant size.   Slatkin defines the group of individuals which 
colonise an empty patch initially as a propagule.  In this work, the propagule size for 
modelling microepidemics is 1.  It is assumed that the loci are selectively neutral, and the per-
locus probability of mutation is m per generation.  Each individual is assumed to possess k 
homologous loci which are modelled under the assumption of the Infinite Alleles Model– 
whereby it is assumed that each new mutation results in the production of an allele which is 
not currently present in the population. 
Slatkin’s original formula, f0(t+1) - the probability that two randomly sampled individuals from 
the same patch are identical in the next time step - and f1(t+1) -the probability that two 
randomly sampled individuals from different patches are identical in the next time step 
become, in the case where the individuals are haploid, multiple loci are being examined, and 
the propagule size is 1: 
𝑜𝑜0(𝑃𝑃+1)𝑊𝑊 = (1 − 𝑁𝑁𝑒𝑒)((1 − μ)2𝑊𝑊 �𝑃𝑃 �1𝑁𝑁 +  �1 − 1𝑁𝑁�𝑜𝑜0(𝑃𝑃)𝑊𝑊 � + (1 − 𝑃𝑃)𝑜𝑜1(𝑃𝑃)𝑊𝑊 �) + 𝑁𝑁0(1 − μ)2𝑊𝑊  
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𝑜𝑜1(𝑃𝑃+1)𝑊𝑊  =  (1 − μ)2𝑊𝑊 ��(1 − 𝑁𝑁0) � 𝑁𝑁0𝑖𝑖(1 − 𝑖𝑖)� �𝑁𝑁 ��1𝑁𝑁 +  �1 − 1𝑁𝑁�𝑜𝑜0(𝑃𝑃)𝑊𝑊 �� + (1 − 𝑁𝑁)𝑜𝑜1(𝑃𝑃)𝑊𝑊 ��
+ �2𝑖𝑖𝑁𝑁0(1 − 𝑁𝑁0)(𝑖𝑖 − 1) 𝐵𝐵1 � + �𝑁𝑁0(𝑖𝑖𝑁𝑁0 − 1)(𝑖𝑖 − 1) 𝐵𝐵2 �� 
Where the probability that the two sampled individuals originated in the same patch, when 
comparing two individuals from the same patch is:  
𝑃𝑃 = (1 − 𝑁𝑁𝑁𝑁)2 +  𝑁𝑁𝑁𝑁2
𝑖𝑖(1 − 𝑁𝑁0) +  2𝑁𝑁𝑁𝑁(1 − 𝑁𝑁𝑁𝑁)𝑖𝑖(1 − 𝑁𝑁0)  
And where the probability that two sampled individuals originated in the same patch when 
comparing individuals sampled from different patches is: 
𝑁𝑁 =  𝑁𝑁𝑁𝑁(2 − 𝑁𝑁𝑁𝑁)
𝑖𝑖(1 − 𝑁𝑁0)  
When two individuals are compared from different patches, there is a probability that one or 
both of those individuals are from newly formed populations.  The probability of identity 
between these individuals would depend on the origin of the progenitor of the newly formed 
population.   Slatkin termed the calculation of the probability of identity where the 
individuals being sampled have parental origins in the same patch, and where their parental 
origins are not in the same patch as values B2when both individuals are from a newly formed 
population and B1  when one of the examined individuals is from a newly formed population, 
and they are;  
𝐵𝐵1 ==  𝐵𝐵2 =  � 1𝑖𝑖(1 − 𝑁𝑁0)�𝑜𝑜0(𝑃𝑃)𝑊𝑊 + �1 − � 1𝑖𝑖(1 − 𝑁𝑁0)�� 𝑜𝑜1(𝑃𝑃)𝑊𝑊  
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Due to the fact that the equations provided compute homozygosity for the following timestep, 
this model is implemented in Mathematica as a for loop, which is designed to move forward 
through time until such a time as an equilibrium is reached (which is defined within 
Mathematica as when f0(t)== f0(t-1) and f1(t)==f1(t-1)  are true).  Once equilibrium is reached, we 
compute the population level homozygosity: 
𝑜𝑜 =  �1
𝑖𝑖
� 𝑜𝑜0𝑊𝑊 + �1 − �1𝑖𝑖�� 𝑜𝑜1𝑊𝑊  
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Appendix 2 Performance of the Slatkin Model 
 
Appendix Figure 1. Performance of smaller population sizes in Slatkin’s model II with patches of 20 individuals with 
7 loci, a scaled rate of mutation per locus of 5, equivalent to a per locus per capita per generation probability of 
mutation of 0.0001 in the population of 1250 patches of 20 individuals.  Populations have a per generation probability 
of patch extinction of 0.0001 
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Appendix Figure 2. Effects of not scaling the rate of mutation, population composed of 5,000 patches with a per 
individual per locus per generation probability of mutation of  0.000025, equivalent to a scaled rate of mutation of 5 
for the population with patches of 20, 50 for the population with patches of 200 and 500 for the population with 
patches of 200.  Individuals simulated at 7 loci with a probability of patch extinction of 0.001 
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Appendix 3 Effects of Varying Patch Size 
 
 
Appendix Figure 3. Showing the range of homozygosities produced when migration and extinction rates are 
varied for a population with varying levels of subdivision.  Total population size is 250,000 individuals for each set of 
results, using a per individual mutation probability of 0.00001 per locus per generation, modeling 7 loci using the 
Slatkin model. 
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Appendix 4 Model Sensitivity Using a Low Patch Count 
 
Appendix Figure 4. Homozygosities recorded for populations with a patch size of 200, modeled at 7 loci with a 
scaled rate of mutation of 5, equivalent to a per locus per individual mutation rate of 0.0001 in a population of 25,000 
individuals. Each Box plot in A is produced from 150 runs of the model in a population composed of 1250 patches of 
200 individuals,  and each Box plot in B is composed from 250 runs of the model in a population composed of 125 
patches of 200
A 
B 
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Appendix 5 Subsampling IA and Gst 
In the case of Gst, the use of random subsamples of patches in the population does not 
produce a false impression of the level of differentiation between patches.  The most obvious 
effect is that Gst estimates range over a wider value, as smaller samples are used. This is true 
of simulations conducted with either local or global recombination.  For example, in the case 
of scenario 3 under local recombination, shown in Figure Appendix Figure 5, for an r/m of 1 
using a subsample consisting of 20 patches randomly picked from the 1250 which make up 
the population, the range of Gsts produced is between 0.351 and 0.758, while the whole 
population Gsts from the same simulations fall within the range of 0.466 to 0.513.  This 
reflects the extent to which sampling can have an effect on the Gst obtained. Within these 
simulations Gst seems to be remarkably robust to the effects of this sort of sampling bias.  
 
Appendix Figure 5. Effects of sampling when Gst is used on a subsample of the patches in the population.  
Results produced from 250 separate runs of populations composed of 1250 patches of 20 individuals under varying 
r/m with local recombination.  Mutation rate set at a per locus, per capita, per generation probability of 0.0001.  
Results are for the high turnover high migration case (Scenario 3).  Results are shown for the whole population or for 
random samples of 20 patches or 625 patches. 
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When IA is considered, a slightly different pattern to that present with Gst is observed.  In all 
cases sub-sampling increases IA for all scenarios considered, when recombination is local. In 
the case of scenario 1, sub-sampling the population also has the effect of removing the ability 
of IA to distinguish populations as the rate of recombination is increased (Appendix Figure 6).  
 
Appendix Figure 6..Effects of sampling when IA is used on a subsample of the patches in the population.  Results 
produced from 250 separate runs of populations composed of 1250 patches of 20 individuals under varying r/m with 
local recombination.  Mutation rate set at a per locus, per capita, per generation probability of 0.0001.  Results are 
for the low turnover low migration case (Scenario 1) and emphasise the effect this scenario has on IA when only a 
subsample is used. 
The patterns for the other three scenarios reported when recombination is local remain the 
same; the only difference as fewer populations are sampled is an increase in the absolute 
value of IA.  In the case of global recombination, the sole effect of sub-sampling is to 
increase the absolute values of IA produced for all of the scenarios.  As in the local 
recombination case this effect is most pronounced in scenario 1, producing a median IA of 
3.92 for an r/m of 10 when 20 patches are used for the sub sampled population.  These IA 
values would be considered high (and would probably be detected as showing significant 
linkage disequilibrium) if it were observed in natural populations. This demonstrates that 
although IA, may represent a useful indicator for the presence of recombination – if the 
effects of population structure on IA could be mitigated – is likely to represent a progressively 
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less effective measure when the population considered represents a small proportion of the 
overall population.  This result would provide another explanation for the significant linkage 
disequilibrium detected in recombinogenic species such as Haemophilus influenza [10].  
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Appendix 6 BAPS clustering  
Variable Patch Size 
 
Appendix Figure 7. BAPS clustering of A. populations with varying numbers of patches, each patch containing 
1000 individuals and B populations of 25,000 subdivided into the named number of patches.  Box plots represent the 
results from 10 BAPS runs on simulated populations, with each individual in the population characterized by 7 loci of 
500bp in length.  The populations all evolved under a scaled mutation rate of 5. 
With Global Recombination 
In many populations the presence of recombination will work to blur the boundaries between 
lineages.  In these populations we are less interested in clustering lineages; we are more 
interested in identifying populations with a shared history of recombination.  In order to 
investigate how this is handled by BAPS I performed analysis on a set of simulations 
A 
 
 
 
B 
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produced using populations with no turnover or migration, under global recombination.  The 
results demonstrated that as the rate of recombination was increased, the clustering appeared 
to move from grouping subpopulations, to grouping individuals with a shared history of 
recombination  (Appendix Figure 8).  
 
Appendix Figure 8. Predicted clusters from BAPS clustering in populations with a small number of large 
patches.  Populations produced by simulation from a population subdivided into 25 patches of 1,000 individuals.  
Population simulated with no between patch migration and no patch turnover. Mutation occurs with a per locus per 
individual per generation probability of 0.0001, over a range of recombination values. Results for each r/m are from 
20 separate simulated populations 
With global recombination, combined with relatively few patches and no migration or 
turnover, the algorithm predicts fewer clusters as the rate of recombination is increased.  This 
result appears to be due to the large patch sizes.  In these simulations, as was the case in the 
simulations produced with local recombination, the population shows low allelic diversity. 
On average, in the populations composed of 25 patches, the total number of alleles in the 
whole population at each locus was between 30 and 50. As a result, when the rate of global 
recombination is increased, the genetic distinctiveness of the patches decreases, a feature 
which is captured both by phylogenetic trees and by the clustering produced in BAPS.  In a 
sense the BAPS clusters are providing some very useful information; they are identifying 
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clusters based on shared alleles, but these results demonstrate that in populations with low 
allelic diversity and high rates of recombination, delineating large scale groups of individuals 
with a shared history of recombination may be the limit of its powers. In some cases this may 
prove to be a useful feature; enabling the method to detect inter-continent or inter-country 
separation between species. 
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Appendix 7 BRAT Results 
ST (original ID) Cluster
Gene where admix 
detected Origin of admixture
49 3 7 5
55 3 7 5
102 4 5 0
138 3 7 5
202 4 6 0
208 4 5 0
3 6 5
440 4 7 5
723 4 5 0
919 1 7 5
1073 2 7 5
1217 2 7 5
1223 5 2 0
BRAT Results
ST Origin gene 5 (pta)
Identity 
% Origin gene 6 (tpi)
Identity
%
102
Staphylococcus warneri strain 8-80 phosphate acetyl 
transferase (pta) gene, partial cds 82Staphylococcus aureus gap operon (gapR, gap, pgk and tpi genes) 85
202
Staphylococcus aureus strain MSSA476, complete 
genome 99Staphylococcus aureus gap operon (gapR, gap, pgk and tpi genes) 83
204
Staphylococcus aureus strain MSSA476, complete 
genome 100
Staphylococcus saprophyticus subsp. saprophyticus ATCC 15305 DNA, 
complete genome 99
208
Staphylococcus aureus partial pta gene for phosphate 
actyltransferase allele 9 84Staphylococcus aureus gap operon (gapR, gap, pgk and tpi genes) 83
215
Staphylococcus aureus partial pta gene for phosphate 
actyltransferase allele 6 100
Staphylococcus saprophyticus subsp. saprophyticus ATCC 15305 DNA, 
complete genome 99
220
Staphylococcus aureus subsp. aureus 
USA300_TCH1516, complete genome 100Staphylococcus haemolyticus JCSC1435 DNA, complete genome 87
663
Staphylococcus aureus strain MSSA476, complete 
genome 100
Staphylococcus saprophyticus subsp. saprophyticus ATCC 15305 DNA, 
complete genome 89
723
Staphylococcus haemolyticus JCSC1435 DNA, 
complete genome 98Staphylococcus haemolyticus JCSC1435 DNA, complete genome 100
1079
Staphylococcus aureus strain MSSA476, complete 
genome 100
Staphylococcus saprophyticus subsp. saprophyticus ATCC 15305 DNA, 
complete genome 89
BLAST analysis of Cluster 4 Results for genes 5 (pta) and 6 (tpi)
 
Appendix Figure 9. A) Summary of BRAT results following processing of the admixture results from 935 unique 
STs extracted from the Staphylococcus aureus MLST database.  Rows highlighted in red are for STs which were 
assigned to the same cluster, cluster 4.  In all of the cases of recombination detected by BRAT in cluster 4, the origin 
is from outside the population, denoted by a cluster of origin of ‘0’.  These results suggested something strange in two 
of the genes of individuals in cluster 4 B) shows a BLAST analysis of the origins of these two for the individuals in 
cluster 4.  The result shown was the closest match by BLAST search.  
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Appendix Figure 10.Staphylococcus aureus dataset overlaid onto a phylogenetic tree generated using the 
Neighbor-Joining method using MEGA 4 [150]. The evolutionary distances were computed using the Maximum 
Composite Likelihood method [151]. The dataset differs from the dataset used to generate the S. aureus tree in the 
main text  in that the pta and tpi loci have had sequence excised (between positions 39 to 434 in pta and 40 to 402 in 
tpi) to remove the regions identified as recombinant by BRAT.  The removal of these segments of sequence results in 
the formerly divergent cluster 4 grouping with the main body of S. aureus strains. 
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Appendix 8 Burkholderia psudomalleie BURST Output 
 
 
Appendix Figure 11.eBURST representation of the STs in the Burkholderia pseudomallei MLST database as used 
in the main text.  These diagrams use the dataset comparison feature of eBURST to provide an illustration of the 
distribution of isolates from the two geographic locations on the eBURST diagram. The drawing algorithm moves 
some isolates between the two comparisons, so they are not directly comparable; but they serve to illustrate the 
difficulty which would be present in separating the two populations by eBURST. 
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wild-type endosperm had a strong tendency to be
hypermethylated in dme endosperm as well (Fig. 3,
B and C, green trace), despite the overall reduction
of non-CG methylation caused by the dme muta-
tion. Endosperm hypermethylation is thus a highly
specific, RNAi-targeted process.
We calculated methylation levels of sequences
either knownor strongly inferred to cause imprinted
expression of five Arabidopsis genes (3, 5–8): the
MEA 3′ repeats, the FWA promoter and start of
transcription, the FIS2 promoter, the PHE1 3′ re-
peats, and the MPC gene and flanking regions
(Fig. 3, A to C, and table S2). MEA methylation
was reduced from 88% CG, 39% CHG, and 42%
CHH in embryo to 63% CG, 16% CHG, and 17%
CHH in wild-type endosperm. MEA CG methyla-
tion was restored to 87% in dme endosperm,
whereas CHG (13%) and CHH (8%) methylation
was further reduced. The other four genes behaved
similarly (Fig. 3, A to C, and table S2), in line with
the overall trends. Imprinted genes are thus not ex-
ceptional sequences specifically targeted for de-
methylation in the central cell but rather part of
a nearly universal process that reshapes DNA
methylation of the entire maternal genome in the
endosperm (14). Imprinted expression of genes
regulated by allele-specific DNA methylation
could potentially arise whenever a transposable
element insertion or a local duplication near a
gene’s regulatory sequences induces methyla-
tion and gene silencing in other tissues, includ-
ing the paternal endosperm genome.
Genomic imprinting is a fast-evolving process
driven by genetic conflict between parents (1). In
mammals, which exhibit virtually global CG meth-
ylation (15), imprinting is orchestrated in part by
differential methylation of specific sequences in the
gametes (16 ). Arabidopsis, which targets methylation
primarily to transposable elements (9), apparently
adapted a radical implementation of imprinting
by partially suspending its transposon suppression
system and globally demethylating central cell
DNA, resulting in a hypomethylated maternal endo-
sperm genome. Because the endosperm genome
is not transmitted to the next generation, transient
transposon activation is likely to carry a fairly low
cost, especially in an organism with few functional
transposons, like Arabidopsis. Transposon activa-
tion and siRNA accumulation in the central cell
might actually contribute to enhanced methylation
and silencing of elements in the egg cell (and later
the embryo) through siRNA transport (17 ), which
could be the original selective force driving the
evolution of central cell demethylation. An analo-
gous mechanism has recently been proposed to
operate between the vegetative and reproductive
cells of pollen (18). It is an open question whether
other plants, particularly those with more aggres-
sive transposable elements, have adopted a similar
strategy.
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Hyper-Recombination, Diversity,
and Antibiotic Resistance
in Pneumococcus
William Paul Hanage,1* Christophe Fraser,1 Jing Tang,2
Thomas Richard Connor,1 Jukka Corander2
Streptococcus pneumoniae is a pathogen of global importance that frequently transfers genetic
material between strains and on occasion across species boundaries. In an analysis of 1930
pneumococcal genotypes from six housekeeping genes and 94 genotypes from related species, we
identified mosaic genotypes representing admixture between populations and found that these
were significantly associated with resistance to several classes of antibiotics. We hypothesize that
these observations result from a history of hyper-recombination, which means that these strains
are more likely to acquire both divergent genetic material and resistance determinants. This could
have consequences for the reemergence of drug resistance after pneumococcal vaccination and
also for our understanding of diversification and speciation in recombinogenic bacteria.
Many bacteria undergo homologous re-combination, in which short tracts ofDNA in the recipient are replaced by
the corresponding tract from a donor strain, re-
sulting in a mosaic of DNA from different an-
cestors (1). Although this occurs mainly within
species and declines markedly with increasing
sequence divergence between donor and recipi-
ent (2), occasional gene transfers between species
do occur. Such events have the potential to intro-
duce new phenotypes, such as virulence or anti-
biotic resistance, into a new genetic background
that may or may not be the same as the species of
the donor strain (3–7 ) and may have considerable
impacts on bacterial evolution and human health.
One group in which homologous recombina-
tion is frequent is the mitis group streptococci. This
includes the major human pathogen Streptococcus
pneumoniae, the pneumococcus, which is respon-
sible for at least 1million deaths per yearworldwide
(8). The closely related species S. oralis, S. mitis,
and S. pseudopneumoniae (among others) have a
history of taxonomic confusion, which may be
partly explained by genetic diversitywithin themitis
group (9, 10). Moreover, rare but important events
have led to the acquisition of antibiotic resistance by
pneumococcus as a result of the transfer of resist-
ance determinants across species boundaries (4, 5 ).
The high rates of recombination within the species
have the potential to shuffle resistance determinants
among pneumococcal genotypes. It is not known
whether or not recombination, either at resistance
loci or housekeeping genes, is equally likely for all
members of the species or whether some strains are
more likely to be involved in this process.
Although a vaccine is available for 7 of the
more than 90 pneumococcal serotypes, this has
not eliminated pneumococcal disease because the
nonvaccine serotypes derive an ecological advan-
tage from the removal of their competitors and
have been increasing in carriage prevalence (11)
and, concomitantly, in disease (12). Alongside
1Department of Infectious Disease Epidemiology, Imperial
College London, Norfolk Place, London W2 1PG, UK. 2Depart-
ment of Mathematics, A˚bo Akademi, FI-20500, Turku, Finland.
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this, we are observing the expansion of existing
antibiotic-resistant clones with nonvaccine sero-
types and the possible emergence of new ones
(13, 14 ).
Multilocus sequence typing (MLST) (15)
supplies genetic data to study recombination and
population structure in the pneumococcal popula-
tion.MLSTcharacterizes an isolate by sequencing
internal fragments of seven housekeeping genes.
Together these define the sequence type (ST) of
the isolate, which may readily be compared to
others through theMLST database (16 ). This con-
tains sequence data from many thousands of iso-
lates reported by the global community of MLST
users. It also contains associated epidemiological
data including serotype and antibiotic resistance.
We have previously published the sequences of
MLST loci from multiple isolates of related spe-
cies, allowing us to study recombination between
them and the pneumococcus (9). The ddl locus
used in MLST for pneumococcus is associated
with a high frequency of interspecies gene transfer
because of physical linkage with the penicillin bind-
ing protein (PBP) 2b locus (17 ), at which alleles
containingDNAoriginating in other species lead to
penicillin resistance. Because the linkage could
bias any estimates of admixture, we have excluded
this locus from the following analysis. Once the
ddl locus is removed, the data set consists of 1930
distinct genotypes of S. pneumoniae, alongwith 40
identified as S.mitis, 39 S. pseudopneumoniae, and
15 S. oralis (9).
To identify populations and rates of admixture
between them, we used the program Bayesian
Analysis of Population Structure [BAPS (18–20)].
This program, freely available online (21), imple-
ments several models to identify clusters char-
acterized by different allele frequencies within a
population characterized by multilocus DNA se-
quences. Furthermore, cases of likely admixture,
that is, isolates containing a DNA sequence char-
acteristic of more than one population as a result
of recombination, can be identified (22).
The results of the analysis of the streptococcal
data set are summarized in Table 1 and Fig. 1 [and
presented in more detail in (22)]. In total, six clus-
ters were identified, three of which corresponded
to the nonpneumococcal species (Table 1). The
remaining three clusters (1, 2, and 4) represent
subpopulations of the pneumococcus as defined
within the BAPS analysis. Figure 1A shows the
admixture graphic, in which each unique geno-
type is represented by a column, colored accord-
ing to the proportion of sequence assigned to each
cluster. For clusters 1 and 2, the vast majority of
genotypes were characteristic of only one cluster.
The reverse was true of cluster 4, which was most-
ly composed of mosaics. In Fig. 1B, which dis-
plays the clustering of these groups by using a
phylogenetic tree, this is evident in the scattering of
cluster 4 genotypes around the pneumococcal clus-
ter. Two anomalous genotypes were evident and
are indicated in Fig. 1B: one assigned to cluster 4
arising from the branch leading to S. pseudop-
neumoniae and S. mitis (this is ST 1705 and is a
pneumococcal strain containing multiple diver-
gent alleles) and another highly divergent geno-
type assigned to cluster 3 at the end of a long
branch arising from within the S. pneumoniae
cluster. This strain [IOKOR 484 as described in
(23)] was previously considered to be an example of
S. pseudopneumoniaebut in this analysis clustered
with S. mitis strains. These illustrate the difficulty
of assigning strains to species in such recombi-
nant taxa.
We estimated the relative amounts of admix-
ture between the clusters (22) (Fig. 2). This esti-
mate shows cluster 4 to be a recipient of genetic
information from the other clusters and other
species. Hence for individual loci, we identi-
fied alleles that are divergent from typical pneu-
mococcal alleles and are more similar to those
found in related species. Of 93 individual geno-
types containing alleles that cluster with nonpneu-
mococcal species (22), all but one were found in
cluster 4.
The atypical genotypes in cluster 4 reflect a
history of recombination; hence, we examined
the association between cluster 4 and antibiotic
resistance.We used 3732 records deposited in the
MLST database, which supplied the input data
for the BAPS analysis and contains data on re-
sistance to penicillin, erythromycin, tetracycline,
chloramphenicol, and cefotaxime.We categorized
an isolate as nonsusceptible if it was recorded as
Fig. 1. (A) Admixture analysis of 2024 distinct streptococcal
genotypes. Each column represents a single multilocus geno-
type, colored according to the proportion of genetic variation
assigned to each cluster. The final cluster assignment is shown
by the color of the line underneath. For example, a solid red
column signifies a genotype for which 100% of the sequence
was characteristic of group 1. Note that the variation char-
acteristic of a cluster is not necessarily contiguous in the
concatenated sequences used in the analysis. The relationships
between the groups and named species are presented in Table 1.
Group 4 strains are composed of a high proportion of mosaics. (B)
Minimum evolution tree constructed by using MEGA4 (28) from
concatenates of S. pneumoniae strains and related species as
described in the text. The optimal tree is shown with distances
computed by using the Kimura two-parameter method. Taxa are
colored by BAPS group according to the same scheme used in (A).
The relationships between BAPS clusters and named species are
indicated and are presented in Table 1. The positions of the
anomalous strains ST 1705 and IOKOR 484 are indicated.
Table 1. Association between named species and BAPS cluster. Blank fields indicate that no strains
in the relevant cluster were identified as that species.
BAPS cluster
1 2 3 4 5 6
S. pneumoniae 753 809 368
S. pseudopneumoniae 1 39
S. mitis 39
S. oralis 15
www.sciencemag.org SCIENCE VOL 324 12 JUNE 2009 1455
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having a minimal inhibitory concentration (MIC)
greater than the breakpoint for susceptibility ac-
cording toBritish Society forAntimicrobialChemo-
therapy or if it was recorded as resistant or of
intermediate resistance [i.e., nonsusceptible in
accordance with customary usage (22)].
Odds ratios (ORs) for the association of re-
sistancewith the clusters inferred byBAPS showed
(Fig. 3) a significant association with cluster 4
and a negative relationship with cluster 1. Cluster
2 is intermediate in all cases except for chloram-
phenicol. This may be linked to the fact that clus-
ter 2 contains a high proportion of strains with
serotypes included in current conjugate vaccine
formulations (Table 2). These serotypes have been
previously known to be associated with resist-
ance, and their removal after vaccination has led
to a decline in resistance (14). In contrast, cluster 4
shows no association with these serotypes. The
association between cluster 4 and nonsuscepti-
bility is also robust to different criteria for associat-
ing genotypes with resistance (22).
The reasons cluster 4 associated with both
resistance and mosaicism are unclear. Resistance
to the different antibiotics may arise by the acqui-
sition of additional loci (such as efflux pumps in
the case of erythromycin resistance) as well as
gene conversion–like processes (e.g., homologous
recombination at PBP loci for b-lactam nonsus-
ceptibility). Both involve the acquisition of DNA
from other lineages. We have considered the pos-
sibility that this result could be a consequence of
reverse causation: Resistance leads to strains, for
some reason, being more likely to be grouped in
cluster 4. However, any artifactual association be-
tween this cluster and antibiotic resistance seems
very unlikely given that the BAPS classification and
resistance phenotype are based on unlinked loci.
We hypothesize that cluster 4 is an amalgam
of strains with a history of hyper-recombination,
which leads to them being grouped together by
BAPS because they share anomalous DNA se-
quences.Byhavingahistoryofhyper-recombination,
such strains aremore likely to accept divergentDNA,
both at housekeeping and resistance loci, and hence
more likely to acquire resistance and housekeeping
gene sequences from distantly related pneumococci
or other species.
Within many bacterial populations and in
particular those under strong antibiotic selective
pressure, we can identify strains with an elevated
mutation rate (24) usually through defects in the
mismatch repair (MMR) system. In certain con-
texts [e.g., the cystic fibrotic lung (25)], it is thought
that second-order selection on the resistant strains
that arise in the mutator lineages leads to strains
with a mutator phenotype being more common
than predicted (26). However, the relationship be-
tween elevated recombination and antibiotic resist-
ance is not well understood. Elevated mutation
and/or recombination rates should carry a fitness
cost, and as a result a high rate of reversion to wild
type is predicted, possibly by horizontal acquisition
of wild-typeMMRgenes, as has been proposed for
hypermutators in Escherichia coli (27).
Fig. 3. ORs showing the association between BAPS cluster and nonsusceptibility to five antibiotics.
ORs were calculated relative to all other clusters as described in the text. Error bars indicate 95%
confidence intervals.
Fig. 2. Admixture between the clusters illustrated in Fig. 1. Arrows indicate the average fraction of
sequence variation obtained from the source cluster by the strains assigned to the target cluster.
Circular loops indicate the fraction of variation estimated as not arising from outside the cluster.
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Through analysis of MLST data collected for
epidemiological purposes, we have identified pneu-
mococcal strains showing evidence of past re-
combination, both with other pneumococci and
with related species. These strains are signifi-
cantly more likely to be resistant to all classes of
antibiotics for which data are available. Because
the resistance mechanisms involved include both
homologous and illegitimate recombination, this
implies a general tolerance for foreign DNA, sug-
gesting a hyper-recombinant state. It is reasonable
to suggest that this state could be important for
adaptation to other environmental pressures beyond
antibiotics. This demonstrates the importance of
recombination in bacterial evolution over the
long term and suggests that it may vary markedly
within a species. The consequences for speciation
and adaptation remain to be determined.
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Inhibition of Hedgehog Signaling
Enhances Delivery of Chemotherapy in
a Mouse Model of Pancreatic Cancer
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Pancreatic ductal adenocarcinoma (PDA) is among the most lethal human cancers in part
because it is insensitive to many chemotherapeutic drugs. Studying a mouse model of PDA that
is refractory to the clinically used drug gemcitabine, we found that the tumors in this model
were poorly perfused and poorly vascularized, properties that are shared with human PDA. We
tested whether the delivery and efficacy of gemcitabine in the mice could be improved by
coadministration of IPI-926, a drug that depletes tumor-associated stromal tissue by inhibition
of the Hedgehog cellular signaling pathway. The combination therapy produced a transient
increase in intratumoral vascular density and intratumoral concentration of gemcitabine,
leading to transient stabilization of disease. Thus, inefficient drug delivery may be an important
contributor to chemoresistance in pancreatic cancer.
Pancreatic ductal adenocarcinoma (PDA) isamong the most intractable of human ma-lignancies. Decades of effort have witnessed the failure of many chemotherapeutic regimens,and the current standard-of-care therapy, gemcita-bine, extends patient survival by only a few weeks
(1–3). Oncology drug development relies heav-
ily on mouse models bearing transplanted tu-
mors for efficacy testing of agents. However, such
models of PDA respond to numerous chemo-
therapeutic agents, including gemcitabine (4–9),
which suggests that their predictive utility may be
limited. Genetically engineered mouse models of
PDA offer an alternative to transplantation mod-
els for preclinical therapeutic evaluation. We have
previously described KPC mice, which conditional-
ly express endogenous mutant Kras and p53 al-
leles in pancreatic cells (10) and develop pancreatic
tumors whose pathophysiological and molecu-
lar features resemble those of human PDA (11).
Here, we have used the KPC mice to investigate
why PDA is insensitive to chemotherapy.
We first compared the effect of gemcitabine
on the growth of pancreatic tumors in four mouse
models: the KPC mice and three distinct tumor
transplantation models (12, 13). Gemcitabine in-
hibited the growth of all transplanted tumors, irre-
spective of their human or mouse origin (Fig. 1A),
but did not induce apoptosis (Fig. 1B). Rather,
proliferation was substantially reduced in all trans-
planted tumors (fig. S1A). In contrast, most tu-
mors (15 of 17 tumors) in gemcitabine-treated KPC
mice showed the same growth rate as in saline-
treated controls (Fig. 1C). This is consistent with
clinical results in which only 5 to 10% of patients
treated with gemcitabine demonstrate an objective
radiographic response at the primary tumor site
(3). Two KPC tumors demonstrated a transient
Table 2. Associations between pneumococcal isolates with vaccine serotypes and BAPS clusters. The
vaccine serotypes are those present in the seven valent pneumococcal vaccines (4, 6B, 9V, 14, 18C, 19F,
and 23F), and all records present in the MLST database at the time of BAPS analysis were used to estimate
ORs. Reestimation using records entered into the database since the initial analysis did not substantially
alter the results (22).
Cluster Vaccine serotypes Totals ORs 95% Confidence intervals
1 604 1357 0.54 0.475 to 0.622
2 1027 1645 1.87 1.639 to 2.133
4 378 730 0.90 0.768 to 1.061
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Abstract
Background: The program eBURST uses multilocus sequence typing data to divide bacterial
populations into groups of closely related strains (clonal complexes), predicts the founding
genotype of each group, and displays the patterns of recent evolutionary descent of all other strains
in the group from the founder. The reliability of eBURST was evaluated using populations simulated
with different levels of recombination in which the ancestry of all strains was known.
Results: For strictly clonal simulations, where all allelic change is due to point mutation, the groups
of related strains identified by eBURST were very similar to those expected from the true ancestry
and most of the true ancestor-descendant relationships (90–98%) were identified by eBURST.
Populations simulated with low or moderate levels of recombination showed similarly high
performance but the reliability of eBURST declined with increasing recombination to mutation
ratio. Populations simulated under a high recombination to mutation ratio were dominated by a
single large straggly eBURST group, which resulted from the incorrect linking of unrelated groups
of strains into the same eBURST group. The reliability of the ancestor-descendant links in eBURST
diagrams was related to the proportion of strains in the largest eBURST group, which provides a
useful guide to when eBURST is likely to be unreliable.
Conclusion: Examination of eBURST groups within populations of a range of bacterial species
showed that most were within the range in which eBURST is reliable, and only a small number (e.g.
Burkholderia pseudomallei and Enterococcus faecium) appeared to have such high rates of
recombination that eBURST is likely to be unreliable. The study also demonstrates how three
simple tests in eBURST v3 can be used to detect unreliable eBURST performance and recognise
populations in which there appears to be a high rate of recombination relative to mutation.
Background
In recent years there has been increasing emphasis on the
use of digital data to characterise strains of bacterial spe-
cies. Multiple single nucleotide polymorphisms and mul-
tiple variable number tandem repeats have been used for
digital strain characterisation of species that genetically
are highly uniform [1-5] and multilocus sequence typing
(MLST) has been used widely for more variable species
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BMC Microbiology 2007, 7:30 http://www.biomedcentral.com/1471-2180/7/30[6,7]. In MLST, the relatedness among strains is typically
displayed as a dendrogram, based on differences in allelic
profiles, which identifies clusters of similar strains but
provides no information on ancestry and patterns of
descent among the strains within the clusters. The
sequences of the MLST loci can also be used to explore
relationships among strains but recombination occurs fre-
quently in many bacterial species and impacts on the abil-
ity of sequence data to discern the true relationships
among strains [8]. Consequently, new methods to explore
recent evolutionary history that are less subject to distor-
tions introduced by recombination have been developed.
One popular method, eBURST, was designed for the anal-
ysis of MLST data, although it can be used with other types
of digital data [9,10]. eBURST incorporates a simple
model of bacterial evolution in which strains increasing in
frequency (under selection or drift) diversify to form clus-
ters of similar genotypes descended from the founding
strain. In terms of MLST, isolates of an expanding found-
ing strain (founding sequence type; ST) initially have the
same allelic profile, but diversification results in the
appearance of variants in which one of the MLST loci has
changed (single locus variants; SLVs), either as the result
of mutation or recombination. Further diversification
generates double locus variants (DLVs) and then triple
locus variants (TLVs) of the founding ST, to result in a
cluster of closely related STs descended from the founding
ST (a clonal complex).
In eBURST a clonal complex is defined as a group of STs
in a population that share 6/7 alleles with at least one
other ST in the group. The BURST algorithm identifies
these clonal complexes within bacterial populations
(eBURST groups), infers the founding ST of each clonal
complex, and displays the likely pattern of recent evolu-
tionary descent of all STs within the clonal complex from
this predicted founder [11]. Founder STs are assigned as
the ST in an eBURST group that is linked to the greatest
number of SLVs, with confidence in this assignment eval-
uated by bootstrapping [11], and lines drawn between
SLVs (links) in an eBURST diagram identify inferred
ancestor-descendant relationships. Consequently,
eBURST groups are typically radial, with the founder ST
linked to all its SLVs, which may themselves be linked to
DLVs of the founder and so on. The nature of the allelic
change (mutation versus recombination) is unimportant
for discerning patterns of descent among related STs
within a clonal complex and therefore, for exploring
recent ancestry, eBURST is uninfluenced by recombina-
tion, in contrast to most methods that use the nucleotide
sequences themselves [11].
The eBURST program (freely available online [12]) is
widely used but the reliability of the method for identify-
ing groups of strains descended from a recent common
ancestor, and patterns of recent descent, has not been
evaluated. Bacterial populations can vary greatly in their
level of genetic diversity and in the extent to which allelic
change is mediated by recombination compared to point
mutation [13]. Intuitively, eBURST would be expected to
perform well in cases where all allelic changes occur by
point mutation (the strictly clonal situation), but its per-
formance with populations in which an increasing pro-
portion of allelic change occurs by recombination needs
to be assessed. Evaluating the performance of eBURST is
not possible using empirical data since the true evolution-
ary history is not known but can be carried out using sim-
ulated populations. Here we use simulated populations in
which the true ancestry of all strains is known to provide
a quantitative assessment of the performance of eBURST
for populations evolving with differing rates of mutation
and recombination.
Results
Quantitative assessment of eBURST
The inferred ancestor-descendant SLV links drawn by
eBURST were compared to the known ancestor-descend-
ant SLV links in populations simulated with different lev-
els of recombination. The performance of eBURST was
evaluated by measuring the proportion of the links that it
draws that are correct (accuracy). As a method can be
accurate but insensitive (e.g. if the links drawn are correct
but many of the links that should be drawn are not
drawn), the sensitivity of eBURST was also measured, as
the proportion of correct SLV links that are drawn. These
performance measures are summarised in Figure 1 for
clonal populations and populations with moderate (ρ/θ =
3.3) and high (ρ/θ = 10) levels of recombination and are
shown in Figure 2 for populations generated under clon-
ality and for a range of values of the recombination to
mutation (ρ/θ) ratio and
As expected, the best performance of eBURST was
obtained under clonality, but moderate levels of recombi-
nation had little effect on the ability of eBURST to assign
ancestor-descendant links correctly (Figure 1 and Figure
2). The accuracy was on average 86% with ρ/θ = 3.3,
which was comparable to the 90% accuracy obtained in
the clonal case. Increasing the ρ/θ ratio further resulted in
a decline in eBURST performance and for ρ/θ = 10 the
average accuracy dropped to 61%. The sensitivity of
eBURST followed the same decreasing trend with increas-
ing ρ/θ (Figure 2). The average sensitivity was 95% in the
clonal case, 94% for ρ/θ = 3.3 and 78% for ρ/θ = 10(Figure
1).Page 2 of 14
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BMC Microbiology 2007, 7:30 http://www.biomedcentral.com/1471-2180/7/30Comparison of eBURST to true ancestry and population 
structure with differing levels of recombination
The population structure (according to eBURST) was
assessed for 20 samples of 500 isolates taken from popu-
lations of 1000 isolates simulated without recombination
and with moderate and high ρ/θ ratios. Under clonality
the population snapshots showed multiple radial eBURST
groups, short chains and many individual STs and the
largest group contained on average 9% of the STs in the
population (Figure 1). For moderate ρ/θ the population
snapshots were similar to the clonal case and the largest
eBURST group included an average of 13% of the total
STs. However, with a high ρ/θ ratio, the population had a
noticeably different structure, typified by a single large
group containing more than half the STs in the popula-
tion (Figure 1; values for individual simulations using dif-
ferent values of ρ and θ are provided as supplementary
material online, Additional file 2). These large groups typ-
ically have multiple linked radial groups and long chains
of linked STs connecting one end of the eBURST group to
the other. Consequently, STs at opposite ends of the large
eBURST groups may have no alleles in common.
Typical eBURST snapshots of the complete population of
1000 isolates are illustrated, together with the groups
expected from the true ancestry under clonality (Figure 3),
moderate ρ/θ (Figure 4) and high ρ/θ (Figure 5). There are
different types of error which result in discrepancies
between the eBURST prediction and the true ancestry.
Minor errors resulted in some isolates from the same
ancestry group being split into two eBURST groups due to
either a change at two loci in a single generation of the
model, or missing (extinct or unsampled) intermediate
STs. Major errors are defined as cases where STs that do
not share a recent common ancestor are grouped into the
same eBURST group (i.e. there are more than three gener-
ations in the ancestry to a common ancestor).
In the clonal example, eBURST groups corresponded
closely to the true ancestry (the uniform colour of the
nodes within almost all ancestry groups indicates the cor-
respondence between the ancestry and eBURST groups),
and there were only four minor (and no major) discrep-
ancies out of 30 groups (Figure 3). For example, in Group
1 there are two ancestry groups that have been placed in a
single eBURST group. Figure 3d shows how the isolates
not joined to the main part of the ancestry group (but
included in the eBURST group) are linked to the ancestry
group via their extinct parents (indicated with black
arrows). The changes of alleles between these isolates,
their parents and common grandparent all occurred at the
same locus. These changes at the same locus result in the
Performance of eBURST for populations simulated with and without recombinationFigure 1
Performance of eBURST for populations simulated with and without recombination. The values are the averages 
and ranges from 20 samples of 500 isolates taken at 500 generation intervals from evolving populations of 1000 isolates with 
different values of the population mutation (θ) and recombination (ρ) rates.
θ  = 10, ρ = 0 θ  = 3, ρ = 10 θ  = 1, ρ = 10
ρ/θ = 0 (clonal) ρ/θ = 3.33 ρ/θ = 10
Measures of eBURST performance 
Mean Range Mean Range Mean Range
Number of STs 150.0 (9.2) 131- 162 152.9 (11.7) 132 - 178 97.8 (12.3) 75 - 118
Number of eBURST groups 29.8 (3.7) 23 -37 26.7 (3.9) 18 - 36 6.9 (3.6) 2 - 12
Accuracy♣ (true links drawn/all drawn links) 90% (4) 85 - 95% 86% (4) 80 - 91% 61% (4) 55 - 64%
Sensitivity♣ (true links drawn/all true links) 95 % (2) 90 - 96% 94% (2) 91 - 97% 78% (6) 70 - 83%
Percentage of STs in largest eBURST group 9% (2) 6 - 15% 13% (5) 6 - 25% 70% (16) 34 - 94%
Proportion of SLV links that are ancestor-
descendant links (true links / all SLV links)
81% (5) 66 - 89% 76% (4) 66 - 82% 55% (6) 41 - 66%
eBURST population snapshots 
(at generation 12500)
♣Calculation of drawn links use 10 samples from each simulationPage 3 of 14
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BMC Microbiology 2007, 7:30 http://www.biomedcentral.com/1471-2180/7/30isolates labelled with arrows being SLVs of their common
grandparent, which joins them into the same eBURST
group.
Even with a moderate ρ/θ ratio the majority of errors are
minor and only three out of eight discrepancies between
eBURST and the 35 ancestry groups were considered
major, joining unrelated ancestry groups together (Figure
4). However, with the high ρ/θ ratio, 10 groups that do
not share recent common ancestry were inappropriately
linked into one large eBURST group (Figure 5a, b). Whilst
the local radial subgroups in the large eBURST group cor-
responded in several cases to ancestry groups (Figure 5d),
these subgroups should not be joined together. Further
detailed description of Figures 3, 4, 5 and examples of the
types of errors that eBURST may make are given in addi-
tional file 3.
Relationship between eBURST performance and 
proportion of STs in the largest eBURST group
There was considerable variation in eBURST performance
between samples obtained with the same combination of
theta (θ) and rho (ρ), which increased with increasing lev-
els of recombination (Figure 1). However, there was a
strong negative correlation between eBURST performance
and the proportion of STs in the largest eBURST group
that was insensitive to the variability between samples
obtained with the same parameter values (Figure 6).
When the proportion of STs in the largest eBURST group
was between 5–25%, the proportion of the links drawn
that have an ancestor-descendant relationship (the sensi-
Relationship between sensitivity and accuracy of eBURST and the recombination to mutation ratioFigure 2
Relationship between sensitivity and accuracy of eBURST and the recombination to mutation ratio. For each 
parameter combination, 500 isolates were selected at random from the simulated population of 1000 isolates at 500 genera-
tion intervals after equilibrium had been reached. Accuracy and sensitivity are shown for individual samples from the simula-
tions with different combinations of ρ and θ.
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BMC Microbiology 2007, 7:30 http://www.biomedcentral.com/1471-2180/7/30tivity) is over 90% (Figure 6). As the proportion of STs in
the largest group increases, the accuracy and sensitvity of
eBURST decrease approximately linearly.
Evaluating the reliability of eBURST groups obtained using 
real MLST data
All isolates of each species represented at the two main
MLST websites(MLST [14] and PubMLST [15]) were dis-
Performance of eBURST for a population simulated in the absence of recombinationFigure 3
Performance of eBURST for a population simulated in the absence of recombination. All 1000 isolates from an 
equilibrium population, simulated with θ = 10 and ρ = 0, were displayed as A) the true ancestry groups that eBURST attempts 
to recover and B) eBURST groups. True ancestor-descendant relationships are shown in (A) by lines between the nodes and 
continuously connected groups of STs define the ancestry groups. The eBURST population snapshot (B) shows the clonal com-
plexes and singletons. The largest eBURST group (Group 1) is labelled. C) Group 1 shows all of the additional SLVs (pink lines) 
overlaid on the eBURST diagram. D) Complete ancestry of the STs within eBURST Group 1 showing intermediate extinct STs 
(yellow squares). The isolates descending from the two extinct STs on the left (arrows) are in separate ancestry groups 
although they are in the same eBURST group (see text and supplementary online information). In A) node size is proportional 
to the frequency of an ST in the sample, and nodes are coloured by eBURST group. Nodes shaped as hexagons indicate the 
founders predicted by eBURST; diamonds are sampled STs; yellow squares are extinct ancestors of STs in the population; 
white triangles are singletons. In eBURST groups, the circles indicate STs and the area of each circle denotes the frequency of 
the ST. Blue circles denote the predicted founders of eBURST groups, yellow denotes a subgroup founder [11]. Black lines 
between STs show the inferred evolutionary relationships from the founder to the other STs in the eBURST group. Further 
description of Figure 3 is available as additional files.
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BMC Microbiology 2007, 7:30 http://www.biomedcentral.com/1471-2180/7/30played as population snapshots and the proportion of STs
in the largest eBURST group was calculated (Figure 7).
Most species fall within the region where eBURST per-
forms well (5–25% STs in the largest eBURST group) but
five had between 37 and 59% of the STs in the largest
eBURST group and were thus in the region where per-
formance is likely to be poor.
The eBURST population snapshots are shown for selected
species. In Helicobacter pylori eBURST provides no useful
information on the patterns of descent among STs as there
are very few pairs of SLVs and no larger clusters of linked
STs in this very diverse, highly recombining species [16].
Staphylococcus aureus and Haemophilus influenzae provide
examples of species for which eBURST performs very well
and, respectively, are representative of species with low
and moderate recombination to mutation ratios [17,18].
For Burkholderia pseudomallei there is one very large strag-
gly eBURST group, indicating that groups of related iso-
lates are likely to be spuriously linked into this large
eBURST group [19]. This type of population snapshot was
only observed in populations simulated with high recom-
bination to mutation ratios and, as predicted, recent evi-
dence suggests high rates of recombination, but low allelic
diversity in B. pseudomallei [20,21]. A single large straggly
eBURST group was also found in other species, for exam-
ple Enterococcus faecium and Streptococcus uberis (data not
shown), and recombination is also predicted to be fre-
quent relative to mutation in these populations [22,23].
The overall topologies of the population snapshots from
simulations are remarkably consistent with those
Performance of eBURST for a population simulated with a moderate recombination to mutation ratioFigure 4
Performance of eBURST for a population simulated with a moderate recombination to mutation ratio. All 
1000 isolates from an equilibrium population simulated with ρ = 10, θ = 3 were displayed as ancestry groups (A) and eBURST 
groups (B). C) The largest eBURST group (Group 1) is shown with all additional SLVs indicated. See Figure 3 for details. Fur-
ther description of the eight discrepancies (numbered 1–8) between the ancestry groups and eBURST groups is available as 
additional files.
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BMC Microbiology 2007, 7:30 http://www.biomedcentral.com/1471-2180/7/30obtained for species with similar empirically estimated
recombination to mutation ratios (Figure 1).
Discussion
The eBURST program is widely used but its ability to cor-
rectly identify clonal complexes, and to discern patterns of
descent within clonal complexes, for populations with
different levels of recombination, has not been assessed.
There are a number of ways in which eBURST could be
unreliable, the most serious of which is linking together
groups of STs that are not closely related. As expected, for
strictly clonal populations, eBURST groups corresponded
very closely to the ancestry groups and the accuracy and
sensitivity of eBURST was on average ≥ 90%.
With occasional exceptions, where groups of strains that
did not share recent ancestry were incorrectly linked into
a single eBURST group, the performance of eBURST
remained good for populations with moderate levels of
recombination, but spurious linking together of clonal
complexes into one large eBURST group was observed in
populations with high recombination to mutation ratios.
As well as correctly identifying groups of related STs, the
ability of eBURST to identify correct ancestor-descendant
links within these groups was high in clonal populations
and remained high with low or moderate levels of recom-
bination, decreasing approximately linearly with increas-
ing ρ/θ ratios. However, at ρ/θ = 10 the accuracy of
eBURST dropped to about 60%.
Performance of eBURST for a population simulated with a high rate of recombinationFigure 5
Performance of eBURST for a population simulated with a high rate of recombination. All 1000 isolates from an 
equilibrium population simulated with ρ = 10, θ = 1 were displayed as ancestry groups (A) and eBURST groups (B). The large 
eBURST group (Group 1) includes many unrelated ancestry groups, which are numbered. C) All of the additional SLV links are 
shown in pink for the largest eBURST group (Group 1). The arrow shows an example of a long-range SLV link. D) The groups 
of STs within eBURST Group 1 that correspond to the ancestry groups are shown, numbered as in (A). The eBURST group is 
the same at that in (B), except that subgroups and STs have been moved relative to each other to be able to show better the 
relationship with the ancestry groups. Arrows show examples of STs within a radial eBURST subgroup that should be in differ-
ent ancestry groups. See Figure 3 for details. Further description of Figure 5 is available as additional files.
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BMC Microbiology 2007, 7:30 http://www.biomedcentral.com/1471-2180/7/30The spurious linking together of clonal complexes with
high rates of recombination resulted in populations that
were dominated by a single large straggly eBURST group,
which typically include a number of radial subgroups
linked through chains of SLVs. The radial subgroups cor-
responded reasonably well with the ancestry groups (Fig-
ure 5d), suggesting these largely reflect simple patterns of
descent from their subfounder STs [11] and that it is the
interlinking of the radial subgroups that is incorrect. In
essence, these radial subgroups approximate the real
clonal complexes, which are joined together inappropri-
ately. However, examination of Figure 5d also shows mul-
tiple examples of individual STs within radial subgroups
that are wrongly placed.
Even in strictly clonal populations not all SLVs represent
true ancestor-descendant links (Figure 1) since two SLVs
of an ancestor can arise by different changes at the same
locus, resulting in STs that are SLVs of each other, but
which do not have an ancestor-descendant relationship
(Figure 3c). It is the difficulty in deciding which of these
alternative SLV links represent the real pattern of descent
that prevents eBURST from being 100% accurate even in
the absence of any recombination. As recombination
becomes more frequent relative to mutation, an increas-
ing proportion of SLVs in the population do not represent
ancestor-descendant links (Figure 1). Displaying these
additional undrawn SLV links in a population with a high
ρ/θ shows there typically are SLV links that extend across
the single large eBURST group found in such populations
(Figure 5c). These long-range SLV links occur in these
populations as STs may share many alleles, not due to
common ancestry, but to very frequent recombination
(13). Incorrect linking of subgroups, and of individual
SLVs, will occur in a large eBURST group when long-range
SLV links are observed since, besides the SLV links that are
Relationship between the performance of eBURST and the proportion of STs in the largest groupFigure 6
Relationship between the performance of eBURST and the proportion of STs in the largest group. Ten realisa-
tions of each simulation were generated with different combinations of ρ and θ. Random samples of 500 isolates were drawn 
from the population of 1000 isolates at 500 generation intervals after generation 5000.
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BMC Microbiology 2007, 7:30 http://www.biomedcentral.com/1471-2180/7/30drawn by eBURST, there will in some cases be alternative
undrawn links between SLVs far apart in the eBURST
group. Choosing one SLV link as the predicted true ances-
try, rather than the alternative link, will lead to major dif-
ferences in the linking of subgroups or individual STs. In
eBURST the algorithm is to link SLVs to the ST with the
largest number of SLVs first, then go to the ST with the
next highest number of SLVs that have not previously
been linked, and link these and so on. If two STs have the
same number of SLVs, the one with the largest number of
DLVs is selected [12]. This difficulty in choosing between
the large numbers of alternative SLV links in populations
with high rates of recombination makes accurate recon-
struction of recent ancestry problematic using eBURST, or
any other method that uses allelic data.
Methods that use the sequences rather than alleles face the
challenge of identifying the true source of each piece of
variable sequence as mutant or recombinant. In the case
of one recent method, ClonalFrame [24], this is side-
stepped by assuming that recombination only involves
importation of alleles (sequences) from outside of the
dataset. However, the problem with inferring ancestry
using MLST data in populations with high recombination
to mutation ratios is the frequent importation ofexisting
sequences from unrelated strains present in the dataset,
which generates strains that are similar due to recombina-
Proportion of STs in the largest eBURST group for populations of species in the MLST databasesFigure 7
Proportion of STs in the largest eBURST group for populations of species in the MLST databases. All isolates in 
the MLST databases for a number of species were obtained from MLST [14] and pubMLST [15] websites and the proportion of 
STs in the largest eBURST group was calculated. eBURST population snapshots are shown for four selected species with differ-
ing proportions of STs in their largest eBURST group. In area A the population is so diverse that clonal complexes may not be 
apparent (see text), in area B eBURST performance should be good, whereas in area C the performance is likely to be poor 
due to high levels of recombination.
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to be helpful in this sort of situation.
It should be stressed that the existence of STs that share
several alleles due to recombination rather than common
ancestry, leading to straggly eBURST groups, occurs when
high levels of recombination occur in populations with
relatively small numbers of alleles. If there are large num-
bers of alleles in the population (e.g. due to frequent gen-
eration of new alleles as a consequence of a high mutation
rate), high rates of recombination will not generate unre-
lated STs that share several alleles, but a very diverse pop-
ulation in which there are no clonal complexes, since few
isolates in the population will differ at only a single locus.
H. pylori provides a good example of this type of highly
diverse recombining population (Figure 7), which is con-
sistent with the high rate of mutation that generates large
numbers of alleles and a high rate of recombination that
shuffles these alleles (13, 20). As expected, populations
simulated with high rates of both mutation and recombi-
nation generated populations that produce very similar
population snapshots to that shown for H. pylori in Figure
7 (data not shown).
How can the reliability of eBURST be judged when
applied to real MLST data from a bacterial population?
The proportion of STs in the largest group was identified
as a robust indicator of eBURST performance. This meas-
ure insensitive to variation in the performance of eBURST
observed between different samples obtained from the
same simulation. It is also very straightforward to calcu-
late from the analysis window within eBURST and does
not require any prior knowledge of the extent of recombi-
nation in the population. If the largest eBURST group con-
tains more than 25% of the STs in the population,
eBURST performance is likely to be suboptimal in terms
of predicting ancestor-descendant links and, more impor-
tantly, may join unrelated groups of STs into the same
eBURST group.
The presence of a single large straggly eBURST group is
also a useful indicator that clonal complexes have been
inappropriately linked and that there may be a high
recombination to mutation ratio (ρ/θ) within the popula-
tion. Further suggestive evidence for high ρ/θ can be
obtained when the largest eBURST group has many long-
range SLV links and chains of STs connecting radial sub-
groups. The presence of a single large eBURST group in
real populations of the five species in area C of Figure 7
immediately suggests that eBURST will be unreliable and
that the ratio of recombination to mutation is likely to be
high in these species.
The overall topologies of the eBURST population snap-
shots for different bacterial species are consistent with
those obtained in the simulations and proportion of STs
in the largest group appears to be a reasonable proxy for
the recombination to mutation ratio, where this has been
estimated. Ideally, population snapshots should be based
on a large unbiased sample of the population. The popu-
lation snapshots in Figure 7 are taken from the entire
MLST databases, which contain variable numbers of iso-
lates and in many cases have biased sampling (e.g. over-
sampling of isolates that are antibiotic-resistant or from
serious disease). The major consequence of oversampling
is to identify large numbers of isolates of the oversampled
STs and this has no effect on the structure of eBURST
groups. The number of STs may also increase to some
extent due to oversampling, as minor variants of oversam-
pled STs are more likely to be sampled, but these will be
SLVs of the oversampled STs. However, more SLVs of a
few clones due to oversampling is not going to make a
straggly eBURST group a radial group, or vice versa.
MLST databases (or population samples) should be rela-
tively large to get an indication of the reliability of
eBURST, or the presence of a dominant straggly group,
rather than radial groups. Analysis of subsets of isolates
from the entire MLST databases for B. pseudomallei and E.
faecium showed that a dominant straggly eBURST group
was observed in substantially smaller samples than the
entire MLST databases. Thus, the population snapshots of
the first 200 isolates, or the second 200 isolates, from the
B. pseudomallei and E. faecium MLST databases gave popu-
lation snapshots that were similar to those in Figure 7,
being dominated by a single large straggly eBURST group.
Similarly, radial eBURST groups were present in samples
of the first 200 and the second 200 isolates taken from the
S. aureus and H. influenzae MLST databases (data not
shown).
The ρ/θ ratio in the neutral, infinite alleles, model is not
directly equivalent to the recombination/mutation (r/m)
ratio obtained from MLST data using the method of Feil et
al [8], since θ is a parameter that incorporates all processes
generating new alleles (see Methods), and ρ/θ values are
therefore lower than r/m values. The good reliability of
eBURST up to values of about ρ/θ = 4 implies it will be
reliable for species with r/m values considerably higher
than 4:1, and this is consistent with the predicted good
performance of eBURST for Neisseria meningitidis and
Streptococcus pneumoniae (Figure 5), which have r/m values
of about 5–9 [9].
This initial analysis considered populations evolving
under neutrality, sampled randomly at equilibrium. In
experimental data there will be deviations from these sim-
plifying assumptions, including selection, sampling bias,
growing or declining populations, which may result in
distinctive features in the population snapshot that havePage 10 of 14
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here can easily be extended to consider the reliability of
eBURST or similar methods under more complex evolu-
tionary scenarios. However, for populations that are not
highly biased, the > 25% guideline is a useful indicator of
poor eBURST performance and none of the bacteria sur-
veyed in the MLST database were inconsistent with this
assertion.
Other approaches have been developed for the analysis of
MLST data and a method based on minimum-spanning
trees is incorporated into the Bionumerics™ package [25].
This method incorporates the BURST algorithm for
closely-related STs, but links groups of related STs (clonal
complexes) to each other through hypothetical missing
intermediate STs, to produce a representation of the
whole population in which all STs are linked. The robust-
ness of these linkages between clonal complexes has not
been evaluated, but given that only local structure
remains reliable in eBURST under high rates of recombi-
nation, our experience would suggest that many of these
inferred links between clonal complexes produced by pos-
tulating missing intermediates will be spurious if recom-
bination rates are moderate or high. Links between clonal
complexes through postulated intermediates may also be
spurious under strict clonality, since in such populations
different lineages diverge without bound, and STs in dif-
ferent complexes may share few or no alleles. In the latter
situation, analysis of the sequences rather than the allelic
profiles would be expected to give a more reliable indica-
tor of the relationships between clonal complexes, using
standard phylogenetic methods. An analysis of the robust-
ness of minimum-spanning trees using populations simu-
lated with different levels of recombination would be
worthwhile.
Conclusion
eBURST provides a robust picture of bacterial populations
over a wide range of ρ/θ parameters, only becoming seri-
ously unreliable with high rates of recombination, and by
focusing on identifying and exploring descent within
clonal complexes is a conservative and cautious approach.
We provide three simple checks which may indicate high
ρ/θ and hence poor reliability (Table 1). As discussed pre-
viously, eBURST groups should be considered to be
hypotheses about ancestry and patterns of descent among
similar STs and additional data should be used to explore
the validity of the inferred relationships [11].
Methods
Simulating bacterial populations
Bacterial populations were simulated using the neutral,
infinite alleles, model of Fraser et al [26]. The model
assumes non-overlapping generations, with subsequent
generations selected by sampling with replacement from
the current one, i.e. it is a stochastic process where the
probability of a sequence type (ST) occurring in the next
generation is proportional to its frequency in the current
generation. At each generation, alleles can change at
defined rates by mutation or recombination. Under the
infinite alleles assumption, mutation always generates a
new allele. The mutation parameter θ includes point
mutation and also any other process that generates new
alleles in real populations (e.g. mosaic alleles formed by
recombination or importation by recombination of alle-
les from outside the population). Recombination intro-
duces an existing allele randomly selected from the
isolates present in the previous generation, which may
generate a novel allelic profile (new ST), whereas muta-
tion always generates a new ST. Mutation or recombina-
tion occur independently at each locus. Each event is rare,
so typically a new descendant ST shares alleles at all but
one locus with its immediate ancestor. When a new ST is
produced, by mutation or recombination, it is given a new
ST number and the parental ST is recorded. For new STs
generated by recombination, the ST that donated the
allele, and the locus involved, is also recorded. The evolu-
tion of the simulated population over time is shown dia-
grammatically in additional file 1.
Simulations were performed with strains (STs) defined as
in MLST, by the alleles at seven loci, and a range of values
for the population mutation rate (θ) and the population
recombination rate (ρ). These parameters are functions of
the population size (N) and the mutation rate (m) and
recombination rate (r), as follows [26]:
θ = 2mN
ρ = 2rN
Under the neutral model the population structure reaches
a dynamic equilibrium, in which the rate of generation of
new STs is balanced by the stochastic extinction of STs.
The diversity of simulated populations is determined by
the mutation and recombination rate. The populations (N
= 1000) were allowed to evolve, with a range of values of
θ and ρ. The stability of the index of sequence type diver-
sity (or homozygosity) (defined as
where xi is the frequency of the ith ST, s is the number of
STs and N is the total number of isolates in the sample),
and other measures (e.g. the number of STs), were
assessed each generation to ensure that an equilibrium
population structure had been achieved prior to sam-
pling. After reaching equilibrium, random samples of 500
H x
N
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s
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tion, to obtain independent samples.
An application written in JAVA was used to run and take
samples from the simulation model (written in C++), to
analyse the samples (using the JAVA application eBURST
v3,[12]), and to compare the results with the known
ancestry. For each isolate sampled from the simulation, its
identifier (sequence type, ST), the ST of its immediate
ancestor, its age in model generations, its allelic profile
and its complete ancestry since the most recent universal
common ancestor of the population were known.
In the fully clonal case (no recombination, ρ = 0), simu-
lated populations of 1000 isolates were run to equilib-
rium with θ = 10, (equivalent to m = 0.005). The effect of
introducing allelic change by recombination on the relia-
bility of eBURST was explored by preliminary analyses to
identify regions of interest in parameter space. As the
recombination to mutation ratio increased above 10:1,
the performance of eBURST declined, and a ratio of 14:1
was selected as the upper limit for simulations (additional
file 2).
For each sample of the simulated population, the number
of STs, the eBURST groups, their predicted founding STs,
and patterns of descent were obtained. A correctly inferred
eBURST SLV link joins two STs that, from examination of
the real ancestry, have an ancestor-descendant relation-
ship. The direction of the relationship is not considered.
For selected parameter combinations, the performance of
eBURST was also assessed quantitatively for 10 independ-
ent samples. Population snapshots were displayed using
eBURST v3 with the default settings. Additional SLVs, that
were not predicted by eBURST to represent ancestor-
descendant relationships (and thus were not drawn), were
displayed on eBURST diagrams using features available
within eBURST v3.
Performance of eBURST was evaluated by measuring its
accuracy and sensitivity in identifying the SLVs that have
true ancestor-descendant relationships. Accuracy was
defined as the proportion of links drawn between SLVs in
an eBURST population snapshot that have an ancestor-
descendant relationship:
Sensitivity was defined as the proportion of links drawn
which have an ancestor-descendant relationship:
To assess the integrity and inclusiveness of eBURST
groups, we used the known ancestry to define an ideal
eBURST group as a group of STs in the sample continu-
ously connected by ancestor-descendant links. This pro-
vides the groupings, founders and patterns of local
descent that eBURST should recover, and can be visualised
as network graphs, with node colour representing the
eBURST group to which each ST is assigned (XML availa-
ble on request from Tom Connor). The ability of eBURST
to recapture the true pattern of recent descent is therefore
an indicator of overall performance. Closer comparison
between the eBURST groups and those expected from the
known ancestry (ancestry groups) can also illustrate the
types of errors made by eBURST.
The eBURST population snapshots obtained from simu-
lated populations generated with differing ratios of
recombination to mutation were compared to those
obtained for real bacterial populations by analysing all
isolates within each of the online MLST species databases
(MLST [14] and PubMLST [15]), using the links to these
databases provided through the eBURST v3 website [27].
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Table 1: 
Simple tests for populations in which eBURST is likely to be unreliable
1) Display population snapshot – is there a single large straggly group?
2) Display undrawn SLV links – are there long range SLV links across this group?
3) Calculate proportion of STs in the largest group – is it greater than 25%?
If the answer to all three questions is yes, then there is probably a high rate of recombination compared to mutation and the performance of 
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Additional File 2
Two measures of the overall population structure. The proportion of all 
SLVs that have an ancestor-descendant relationship (A), and the propor-
tion of STs in the largest eBURST group (B), were calculated for popula-
tions simulated with different recombination and mutation parameters. 
For each parameter combination, twenty samples (500 isolates) were 
taken at intervals from the simulations after burn-in. The red crosses in 
the two top graphs are the values for the clonal populations.
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Additional file 3
Further explanation of the comparison between eBURST groups and the 
true ancestry, to illustrate the types of errors made by eBURST, illustrated 
in Figures 3, 4, 5.
Click here for file
[http://www.biomedcentral.com/content/supplementary/1471-
2180-7-30-S3.doc]
Additional file 1
Evolution of a simulated population of bacteria. Only five isolates are 
shown, the seven digits corresponding to the allele numbers at the seven 
MLST loci. At generation t+1 isolates are selected at random from gener-
ation t, with mutation having occurred between generations in one isolate, 
resulting in a new allele and a new ST (allelic profile) in generation t+1. 
In generation t+2 a new ST has arisen by mutation, and recombination 
has replaced allele 4 in an isolate from generation t+1 with allele 1 from 
another of the isolates, to produce another new ST in generation t+2. After 
many generations the population reaches a dynamic equilibrium (t+n) in 
which the STs present still change over time but the overall population 
structure remains the same.
Click here for file
[http://www.biomedcentral.com/content/supplementary/1471-
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